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University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

The dissertation consists of three peer-reviewed publications and is related to the basic research of
autism spectrum disorder (ASD), especially the assessment of changes in brain function using
functional magnetic resonance imaging (fMRI). The purpose was to discover possible differences
in cued and spontaneous brain activity in autistic child and adolescent participants compared to
typically developing controls.

We used blood oxygen level dependent (BOLD) fMRI imaging of the brain, with which the
participants were examined at rest and while looking at facial expressions. The resting state (RS)
fMRI data artifacts were reduced, and brain networks were identified using independent
component analysis. In addition, the RS was analyzed 1) over the entire measurement period using
the regional homogeneity (ReHo) method, which measures local connectivity, and 2) based on the
states of different brain networks grouped into shorter periods using the co-activation patterns
(CAP) method. Statistically significant differences between groups were found in RS, more
clearly with the CAP method. Also, significant differences in brain activity were found between
the groups regarding the observation of facial expressions.

The dissertation increases the understanding of changes in brain networks related to the autism
spectrum, strengthening and supplementing previous research results. Based on our results,
analyses of brain networks grouped into similar activation phases of shorter duration are worth
further development. The new information can help develop earlier and more accurate imaging
diagnostics, tentatively recognizing possible intervention target brain networks and evaluating
therapeutic effects.

Keywords: adolescent, autism spectrum disorder, brain, CAP, co-activation patterns,
emotional facial expressions, face processing, fMRI, functional MRI, hierarchical
clustering, ICA, independent component analysis, mirror neuron system, regional
homogeneity, ReHo, resting state networks, valence





Paakki, Jyri-Johan, Veren happipitoisuudesta riippuvaisella toiminnallisella
magneettikuvauksella havaittavat aivotoiminnan muutokset lasten ja nuorten
autismikirjossa. 
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Lääketieteellinen tiedekunta; Medical Research
Center Oulu; Oulun yliopistollinen sairaala
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Tiivistelmä

Väitöskirja koostuu kolmesta vertaisarvioidusta julkaisusta ja liittyy autismikirjon kehityshäiriön
perustutkimukseen, erityisesti aivotoiminnan muutosten arviointiin toiminnallisen magneettiku-
vauksen (functional MRI, fMRI) avulla. Tutkimuksen tarkoituksena oli selvittää stimuloidun ja
spontaanin aivotoiminnan mahdollisia eroavaisuuksia lasten ja nuorten autismikirjossa neurotyy-
pillisiin verrokkeihin nähden.

Tutkimusmenetelmänä käytettiin veren happipitoisuudesta riippuvaista aivojen fMRI-kuva-
usta, jolla osallistujia tutkittiin levossa sekä heidän katsellessaan kasvojen ilmeitä. Itsenäisten
komponenttien analyysilla (ICA) vähennettiin lepotilan fMRI-datan häiriöitä ja tunnistettiin
aivoverkostoja. Lisäksi lepotilaa analysoitiin 1) koko mittausjakson ajalta signaalien alueellista
homogeenisuutta ts. aivojen paikallista kytkennällisyyttä mittaavalla regional homogeneity
(ReHo) -menetelmällä ja 2) eri aivoverkostojen tilojen perusteella lyhyemmiksi ajanjaksoiksi ns.
yhtäaikaisten aktivaatioiden kuvioihin (co-activation patterns; CAP) ryhmiteltyinä. Näissä löy-
dettiin tilastollisesti merkittäviä ryhmien välisiä eroja, selkeämmin CAP-menetelmällä. Myös
kasvojen ilmeiden tarkkailuun liittyen havaittiin tilastollisesti merkittäviä aivotoiminnan eroja
ryhmien välillä.

Väitöskirja lisää ymmärrystä autismikirjoon liittyvistä aivoverkostojen muutoksista vahvista-
en ja täydentäen aiempia tutkimustuloksia. Sen perusteella samankaltaisiin lyhempikestoisiin
aktivaatiovaiheisiin ryhmiteltyjen aivoverkostojen analyyseja kannattaa kehittää. Uusi tieto voi
auttaa varhaisemman ja tarkemman kuvantamisdiagnostiikan kehittämisessä, tarvittaessa oikei-
siin aivoverkostoihin kohdennetuissa interventioissa ja niiden vaikutusten arvioinnissa ja seuran-
nassa.

Asiasanat: aivot, aivoverkostot, alueellinen homogeenisuus, ASD, autismikirjon
kehityshäiriö, CAP, emotionaaliset kasvojen ilmeet, fMRI, hierarkinen klusterointi,
ICA, lepotilaverkosto, peilisolujärjestelmä, ReHo, toiminnallinen magneettikuvaus,
valenssi, yhteisaktivaatiokuviot
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“Do you know what you are? You are a marvel. You are unique. In all the years that have 
passed, there has never been another child like you.” 
“You must work, we must all work, to make the world worthy of its children.” 
-Pablo Casals 
 
“Never give up on a dream just because of the time it will take to accomplish it. The time 
will pass anyway.” 
-Earl Nightingale 
 
“If I had not lived until I was 90, I would not have been able to write this book.” 
“God knows what other potentials lurk in other people if we could only keep them alive 
well into their 90s.” 
-Harry Bernstein 
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1 Introduction  

Autism spectrum disorder (ASD) is a neurodevelopmental condition that typically 

manifests in early childhood, but affects social communication and behaviors 

throughout life (American Psychiatric Association, 2013; Lord et al., 2022; World 

Health Organization, 2020). The Lancet commission on the future of care and 

clinical research in autism (Lord et al., 2022) states that “autism is a condition of 

global importance because of its prevalence and the degree to which it can affect 

individuals and families”. Worldwide, at least 78 million people are estimated to 

have autism, most of whom do not receive adequate support (Lord et al., 2022). 

The term neurodiversity describes the natural variability within human brains 

and minds (Pukki, 2022; Walker, 2014). The neurodiversity movement considers 

autism to be a neurological difference rather than a disorder. The movement 

challenges autism researchers and clinicians to reconsider the goals of early 

intervention, and it is sometimes associated with opposition to efforts to find a 

cause or cure (Dawson et al., 2022; Lord et al., 2022; Ne’eman, 2021; Robison, 

2020; Walker, 2014, 2016; Wallis, 2022). Nowadays, autism may refer to a 

heterogeneous and broad spectrum of phenotypes, from only autistic personality 

traits with high intelligence to severe profound autism. A profoundly autistic 

individual requires around-the-clock access to an adult caregiver due to being 

unable to be left alone in residence and unable to take care of basic daily adaptive 

needs. Based on three datasets, the Lancet commission estimated that from 18 to 

48 percent of the autism population falls into the category of profound autism, 

associated with a substantial intellectual disability (e.g., an intelligence quotient 

below 50), minimal language (e.g., limited ability to communicate with a stranger 

using comprehensible sentences), or both (Lord et al., 2022). 

Neurodevelopmental conditions can require highly specialized pathology-

specific treatment when one exists, but the need for individual care, support, 

services, and educational strategies should always be determined as an essential 

requirement. Society’s failure to accommodate autistic individuals can have 

devastating effects, primarily on autistic people and their families (Bottema-Beutel 

et al., 2021; Lord et al., 2022). Autistic individuals, especially women, have a 

significantly higher risk of psychiatric diagnoses, hospitalizations (Martini et al., 

2022), and suicide (Hirvikoski et al., 2020). According to the latest Finnish Client 

and Patient Safety Strategy Plan 2022–2026, clients, patients, and their close ones 

are the best experts on their situation, and shared decision-making with them is the 

primary course of action in healthcare to reach a common understanding (Ministry 



22 

of Social Affairs and Health, 2022). Healthcare practice must be based on evidence 

and good clinical and policy practices, and must promote physical, mental, and 

social wellbeing while causing as little harm as possible (Ministry of Social Affairs 

and Health, 2022). Treatment or support starting early is generally thought to be 

more effective, and, on the other hand, methods for monitoring the effectiveness of 

interventions should be further developed. Today, an optimal intervention outcome 

is reached through common goal setting without necessarily conforming to typical 

behavior (Dawson et al., 2022; Ne’eman, 2021). Early detection can help decide 

therapy and improve the quality of life for patients and their close ones, positively 

affecting social communication, language, and adaptive behavior (Lord et al., 

2022). 

In neurodevelopmental, neurological, and psychiatric diagnostics, the brain's 

structural magnetic resonance imaging (MRI) is often a basic examination to assess 

possible anatomical abnormalities related to the condition and exclude other 

pathology (A. N. Anderson et al., 2019; Dubois et al., 2021; Guo et al., 2022). Often 

with mild disorders or in the early stages, the neuroradiological findings are normal. 

In the workup of autism, imaging currently plays a limited role, predominantly 

assessing other conditions that may be associated with developmental delay or 

providing etiological insights (Lord et al., 2022; Tang, 2022). There are no 

unambiguous diagnostic features on MRI, though various structural features have 

been reported (Rafiee et al., 2022; Tang, 2022), and machine learning (ML) 

methods may be trained to recognize autism (Ali et al., 2022; Guo et al., 2022; 

Khodatars et al., 2021). 

Functional MRI (fMRI) offers the opportunity to expand the diagnostic 

"toolbox" of physicians by also imaging brain activity. As our knowledge of the 

brain's functional networks and their characteristics in different conditions increase, 

at best, a few minutes of additional neuroimaging in conjunction with brain MRI 

could provide additional objective diagnostic information, even if the anatomical 

finding turns out to be normal. Neuroimaging in profound autism represents a 

distinct challenge, as participants with a higher severity of symptoms have a lower 

success rate of completing the MRI (DeMayo et al., 2022). While shortcuts to 

provide objective and inarguable diagnostic answers are enticing, the proper 

intention of the diagnostic procedures is to provide the clinician with standardized 

information to formulate an optimal individual care plan (Lord et al., 2022). 

Whether autism is viewed from the neurodiversity or pathology paradigm (Walker, 

2016), studying brain activity in individuals and groups benefits understanding the 

different forms of neurodivergence. 
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When this research commenced, the dynamic facial expressions essential for 

social interaction had not been utilized in brain activity studies of ASD (Study I). 

On the other hand, the differences in resting state brain activity and especially local 

connectivity had not been extensively mapped (Study II). 

The fluctuations of a person's mental state and attention shifts between internal 

and external events are continuous. Thus, Study III examined the fMRI time series 

in shorter periods instead of the more common whole time series approach. We also 

focused on different brain networks and their co-activations instead of anatomical 

brain areas only (Study III). While writing this dissertation, Studies I and II were 

partially re-examined via such a network approach. 
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2 Literature review  

2.1 Magnetic resonance imaging (MRI) 

Though nowadays a routine method within medical diagnostics, MRI took decades 

and several Nobel Prize-earning seminal discoveries to develop.  

Atomic nuclei in a strong magnetic field rotate with a frequency dependent on 

the magnetic field's strength. Their energy can be increased if they absorb radio 

waves with the same frequency (resonance). When the atomic nuclei return to their 

previous energy levels, radio waves are emitted. This phenomenon, called nuclear 

magnetic resonance (NMR), was first described and measured in molecular beams 

by Isidor Rabi (Rabi et al., 1938), who was awarded the Nobel Prize in Physics in 

1944. Applying NMR on liquids and solids, Felix Bloch and Edward Mills Purcell 

were awarded a Nobel Prize in Physics in 1952 "for their development of new 

methods for nuclear magnetic precision measurements and discoveries in 

connection therewith" (Bloch, 1946; Nobel Prize Outreach AB, 2023a; Purcell et 

al., 1946). 

Paul Lauterbur discovered the possibility of creating a two-dimensional image 

by introducing gradients in the magnetic field. Through analysis of the 

characteristics of the emitted radio waves, he could determine their origin 

(Lauterbur, 1973). Peter Mansfield further developed the utilization of gradients in 

the magnetic field with selective RF irradiation of the sample (Garroway et al., 

1974). He showed how the signals could be mathematically analyzed, which made 

developing useful and fast imaging techniques possible. Lauterbur and Mansfield 

were awarded the Nobel Prize in Physiology or Medicine in 2003 for their 

discoveries concerning MRI (Nobel Prize Outreach AB, 2023b). 

In neurodevelopmental brain imaging, MRI is the most widely used tool. In a 

typical diagnostic setting, it can best separate normal soft brain tissue types such as 

gray or white matter (GM, WM) and cerebrospinal fluid (CSF) or pathologic tissue 

types like inflammation or different tumors (Plewes & Kucharczyk, 2012; Wardlaw 

et al., 2012). Simplified, an MRI image gives a density map of hydrogen nuclei in 

a brain. While hydrogen originates mainly from the high water content of the brain 

with some contribution from fat tissue protons, especially in WM, there is enough 

variation in the magnetic properties (namely T1 spin-lattice and T2 spin-spin 

relaxation times) of each tissue type to stand out with its typical proportions of 

hydrogen among other elements (Bojorquez et al., 2017; Plewes & Kucharczyk, 
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2012). However, the resulting voxel (the smallest single unit of a three-dimensional 

image, equivalent to a pixel of a two-dimensional image) intensities depend heavily 

on the parameters of the MRI sequence and the timing of measurements (Bojorquez 

et al., 2017; Plewes & Kucharczyk, 2012). 

The magnet in the MRI scanner produces a strong magnetic field B0 (in a 

clinical setting, usually 1.5 or 3.0 Tesla units) that forces nuclei of hydrogen atoms 

in a brain to align their spins (a fundamental property of subatomic particles 

representing intrinsic angular momentum) to the field’s direction, producing the 

sum of their magnetic properties averaged together and creating net magnetization 

(M) (Bojorquez et al., 2017; Plewes & Kucharczyk, 2012). Additional gradient 

coils are used to create a slight augmentation to the B0 field as a function of left-

right or anterior-posterior location in the gantry, a frequency and phase 

manipulation used for spatial encoding (Gruber et al., 2018; Plewes & Kucharczyk, 

2012). When a radio frequency (RF) magnetic field B1 or pulse with a head RF coil 

is applied perpendicular to the B0 field, M is tilted out of alignment. An optimal 

rotation frequency of the B1 field must be used for this to occur (Bojorquez et al., 

2017; Gruber et al., 2018). This so-called Larmor frequency is derived as the 

product of nucleus specific gyromagnetic ratio ꝩ and the strength of the B0 field. 

For example, hydrogen’s Larmor frequency in a homogenous magnetic field is 

approximately 64 MHz at the 1.5T or 128 MHz at the 3.0T field (Elster, 2023; 

Gruber et al., 2018; Plewes & Kucharczyk, 2012; Wardlaw et al., 2012) 

After the nuclei exciting RF pulse is turned off, M starts to return to be parallel 

to B0. Two main mechanisms are at hand: the relatively slower T1 relaxation for 

regrowth of longitudinal magnetization (Mz) and the faster T2 decay of spin phase 

coherence for transverse magnetization (Mxy) (Goldman, 2001; Plewes & 

Kucharczyk, 2012). A receiver head RF coil sensitive to magnetic flux changes in 

the transverse plane can then detect the Mxy components as hydrogen nuclei 

oscillating at the Larmor frequency return to their previous state and emit a 

resonance wave (Elster, 2023; Plewes & Kucharczyk, 2012). A small signal current 

is generated in the RF coil via the Faraday-Lenz induction principle (Elster, 2023). 

A grid of raw data obtained from collecting these signals is called k-space, and it 

consists of an array of numbers representing spatial frequencies in the MRI image. 

After sufficient RF pulse and signal measurement repetitions, the k-space includes 

enough measurements, and an inverse 2D Fourier transform is utilized to achieve 

a human-readable image (Elster, 2023; Gruber et al., 2018; Plewes & Kucharczyk, 

2012). 
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The magnetic field strength of the MRI scanner influences the image quality. 

A higher field strength increases image quality, resolution, and signal-to-noise-ratio 

or can speed up imaging (Gruber et al., 2018; Wardlaw et al., 2012). A higher field 

strength can also lead to deterioration of image quality by introducing increased 

susceptibility artifacts causing spatial distortion and signal attenuation near the 

skull base and paranasal sinuses, increased dielectric artifacts causing signal 

heterogeneity, and a higher specific absorption rate causing unwanted heating and 

limiting the size of the imaged area (number of slices) and the duration of the study 

(Elster, 2023; Wardlaw et al., 2012).  

2.2 Functional MRI (fMRI) and neurovascular coupling 

Blood oxygen level dependent (BOLD) fMRI relies on the same general principles 

as MRI but exploits the T2* relaxation caused by a combination of spin-spin (“true” 

T2) relaxation and magnetic field inhomogeneity. T2* relaxation is seen only with 

gradient-echo (GRE) echo planar imaging (EPI) because with T2-weighted spin-

echo (SE) imaging, transverse relaxation caused by magnetic field inhomogeneities 

is eliminated by the 180° pulse. Our study used GRE due to the 1.5T magnet and 

technology at the time, but at higher field strengths, SE BOLD contrast could also 

be viable (Han et al., 2022; Miao et al., 2023; Raimondo et al., 2021). Repeated 

BOLD signal measurements via fMRI detect changes in blood oxygen saturation 

across different brain regions over time and allow indirect non-invasive localization 

of the neuronal activity in humans and animals. These changes in local T2*-based 

contrast are elicited because the hemoglobin in the red blood cells is diamagnetic 

when oxygenated and paramagnetic when deoxygenated (deoxyhemoglobin; dHb). 

During the brain’s neuronal activation, a modest increase in the cerebral metabolic 

rate of oxygen is accompanied by a much larger increase in local blood flow (P. T. 

Fox & Raichle, 1986). Due to this imbalance, local capillary and venous blood are 

more oxygenated during activation. The relative decrease in local dHb leads to a 

slight increase in the local T2* signal (Buxton et al., 1998; Chavhan et al., 2009; 

S.-G. Kim & Ogawa, 2012; Oliveira et al., 2021). This BOLD response signal 

change is 1–5% in 1.5T and 2–10% in 3.0T magnet, i.e., higher field strength 

increases the BOLD response (Hale et al., 2010; Krasnow et al., 2003; Krüger et 

al., 2001; Ogawa et al., 1990, 1992). 

Oxygen is one of the main ingredients needed in cell metabolism. Even at rest, 

our brain consumes about 20% of oxygen transported from the lungs by the arterial 

flow. When a group of neurons activates, a local pulsatile blood surge provides 
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them with oxygen, glucose, and other necessary ingredients. Waste removal and 

heat regulation are additional proposed roles for this functional hyperemia. 

Neurovascular coupling is the essential regulator of metabolism based on the 

energy demands of neuronal function. This coupling requires a concomitant 

interplay between the metabolic state of a neuron and the serving capillary network 

section surrounded by an astrocytic process and its interrelated metabolic pathways 

(Howarth et al., 2021; Koehler et al., 2009; Ludwig et al., 2021; Marina et al., 2020; 

Meigel et al., 2019; Ray et al., 2019). 

A typical unfiltered T2* weighted fMRI voxel of 55 µl (approx. 4 x 4 x 4 mm3) 

contains 5.5 million neurons, 2.2–5.5 x 1010 synapses, 22 km of dendrites and 220 

km of axons (Logothetis, 2008). Based on the balance of the oxygen supply and 

consumption in a brain area and the resulting BOLD fMRI signal changes, the 

measured voxel intensities can be used as a proxy to monitor the fluctuations in 

induced, mainly excitatory, neuronal responses to some sensory input, task or to 

track the intrinsic brain activity at rest. (Hillman, 2014; Howarth et al., 2021; 

Logothetis, 2008; Moon et al., 2021; Oliveira et al., 2021; Schmid et al., 2019) 

Though BOLD signal changes indicate neural activity changes in specific brain 

areas, in a standard fMRI setting, it is impossible to distinguish between inhibitory 

or excitatory activity (Howarth et al., 2021; Logothetis, 2008). As inhibitory 

neurons decrease nearby excitatory neuron activity and connect to nearby arterial 

vasculature, they also play a significant role in BOLD response (Moon et al., 2021). 

In addition, several supporting cell types, such as glial and vascular cells, contribute 

to metabolism and hemodynamic changes. Excitatory neurons, however, comprise 

the largest group of all neurons with a share of 80–90% and are a major consumer 

of oxygen and energy (Howarth et al., 2012, 2021; Meyer et al., 2011; Moon et al., 

2021). An imbalance between excitation and inhibition has been one of the 

longstanding hypotheses in some neurodevelopmental conditions: self-evidently in 

epilepsy (Sarlo & Holton, 2021) but also in ASD (Antoine, 2022; Berto et al., 2022; 

Contractor et al., 2021; Manyukhina et al., 2022; Nelson & Valakh, 2015; Port et 

al., 2019; Rubenstein & Merzenich, 2003). Increasing the excitation-to-inhibition 

(E-I) ratio caused a significant reduction of long-range fMRI connectivity in a 

mouse model, demonstrating an approach toward inferring cortical microcircuit 

abnormalities from fMRI measurements (Markicevic et al., 2020). 

The mathematical function representing neurovascular coupling dynamics is 

the hemodynamic response function (HRF). The hemodynamic response is several 

times slower than the neuronal response, comparing seconds to milliseconds. 

Correspondingly, the classical temporal resolution of fMRI relying on this indirect 
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measure is lower than electrophysiological methods such as electrocorticography 

(ECoG), electroencephalography (EEG), or magnetoencephalography (MEG) 

directly measuring neuronal activity (Sadaghiani et al., 2022). While HRF may 

differ between individuals and across cortical regions, in a generic form, two 

combined gamma functions approximate it: a standard positive function at normal 

lag and a small delayed inverted gamma attempting to model the late undershoot 

(Friston, Holmes, et al., 1994; Friston, Jezzard, et al., 1994). In a mouse study, 

excitatory and inhibitory neurons produced slightly differing BOLD responses: 

stimulation of inhibitory neurons led to biphasic responses at the stimulation site, 

initial positive and later negative BOLD signals, and negative BOLD responses at 

downstream sites (Moon et al., 2021). The initial positive BOLD response was due 

to vasodilation induced by inhibitory neuronal activity, while the negative BOLD 

response was likely due to vasoconstriction by reduced excitatory activity. The 

HRF of inhibitory neurons peaks earlier than that of excitatory neurons, which may 

imply that the often-observed early BOLD fMRI overshoot is due to increased 

inhibitory neural activity (Moon et al., 2021). The modeling of HRF has evolved 

gradually from a linear (Friston, Holmes, et al., 1994) to more complex models 

(Buxton, 2012; Buxton et al., 1998, 2004; Friston et al., 2000; Stephan et al., 2007). 

The fast fMRI (e.g. whole brain imaged in 100 ms) study results with higher 

temporal and spatial resolution have shown the limits of canonical HRF models 

and the need for an update (J. E. Chen et al., 2021; Lewis et al., 2018; Polimeni & 

Lewis, 2021). Data-driven HRF estimation provides one solution (E. J. Allen et al., 

2022; Wu et al., 2021). 

Thus, progress has been made over the three decades since the beginning of 

BOLD imaging (Kwong et al., 1992; Ogawa et al., 1992). However, the complex 

relationship between neuronal activity and the BOLD signal is still not yet perfectly 

modeled or understood. The both linear and nonlinear properties of the BOLD 

signal have been demonstrated with task variations depending on the stimulus 

modality, duration, and frequency rate (J. E. Chen et al., 2021; Lewis et al., 

2018). Logothetis et al. (2001) measured that the BOLD contrast mechanism 

reflects a given area's input and intracortical processing rather than its spiking 

output. Combined ECoG and BOLD fMRI studies show a close to linear 

relationship between neuronal population activity measured by ECoG and BOLD 

responses (B. J. He et al., 2008; Kucyi et al., 2018; Miller et al., 2009). Still, oxygen 

consumption by active neurons reduces positive BOLD signals and confounds the 

accuracy of positive BOLD response as a readout of neuronal activity (Howarth et 

al., 2021). On the other hand, responses plateau with high stimulus rates or when 
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the blood flow is increased to the point that all dHb in the venous vasculature is 

washed out (Bright et al., 2020; Oliveira et al., 2021).  

Cerebral blood volume (CBV) measurements based on the differences between 

T1 relaxation times of blood and tissue combined with a blood signal nulling 

inversion pulse, known as the vascular space occupancy (VASO) contrast, provide 

an alternative fMRI contrast mechanism to BOLD. VASO contrast is sensitive to 

arteriole and post-arterial CBV changes, leading to better microvasculature level 

localization than BOLD, which also suffers from the draining vein contamination 

effect. Simultaneous BOLD and VASO-CBV imaging demonstrates a tight 

response relationship strengthening the putative neuronal origin of the plateauing 

effects and further elucidating the nonlinear properties of the neurovascular 

coupling phenomenon (Oliveira et al., 2021). Also, recently, a novel 

cardiohemodynamic envelope technique from ultrafast fMRI detected the 

vasodilation response some 1.3 sec prior to the BOLD signal response (Huotari et 

al., 2022). 

Other physiological factors such as cardiac and respiratory control and CSF 

cycles also affect the magnetic field and the detected T2* signal changes as, for 

example, measurements in CSF spaces devoid of hemoglobin show (Delaidelli & 

Moiraghi, 2017; Dreha-Kulaczewski et al., 2015; Kiviniemi et al., 2016; Ludwig et 

al., 2021). Brain-wide and heterogeneous dynamics coupled only to respiratory and 

heart rate variation can produce “physiological networks” that resemble previously 

reported resting state (RS) networks (RSNs) of putatively neuronal origin (J. E. 

Chen et al., 2020). Functional brain networks may be split into two spatially similar 

networks; one dominated by the neuronal stimulus, and the other by vasodilatory 

responses to changes in arterial CO2 levels. Vascular regulation may be coordinated 

across long-distance brain regions, or neurovascular relationships vary in a 

network-specific manner (Bright et al., 2020; Stiernman et al., 2021).  

As some noise sources (e.g., head motion, cardiac and respiratory activity) may 

be generated by the same underlying brain networks that give rise to functional 

signals, the distinction between signal and noise is not always straightforward (T. 

T. Liu, 2017). Though context dependent, many methods for cleaning the BOLD 

signal from non-neuronal fluctuations of instrumental, physiological, or subject-

specific origin have been developed in an attempt to isolate the optimal signal with 

the best correspondence to neuronal activity (Caballero-Gaudes & Reynolds, 2017). 

In both RS- and task fMRI studies, the neuronal activation appears in the very low 

frequency (VLF) range (~0.01–0.15 Hz) of the BOLD signal (Huotari et al., 2019; 

Kiviniemi et al., 2016; Tong et al., 2019). Task activation can be modeled, leading 
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to more robust neuronal activity associations. In contrast, the RS studies are 

vulnerable to confounding noise as the neuronal firing is spontaneous and of an 

unknown time course (Tong et al., 2019). 

2.3 Functional connectivity networks in the brain 

2.3.1 Analysis methods 

Typically, a statistical dependency such as a correlation or covariance of signals is 

used to constitute a connection between brain regions for a functional network (M. 

D. Fox & Raichle, 2007; Friston, 1994; Uddin et al., 2019). Stable functional 

networks are likely underpinned by WM connections (Lu et al., 2011). Most 

functional neuroscience studies until the end of the 2000s focused on the brain’s 

response to a task or stimulus, which was represented to the study subject during 

fMRI via appropriate MRI-compatible stimulus devices. Calculating the level and 

probability of stimulus related brain activation for a single participant is typically 

achieved using a linear model of the signal together with a Gaussian noise model 

for the residuals, commonly known as a general linear model (GLM; Friston, 

Holmes, et al., 1994; Woolrich et al., 2001). The traditional analysis involves 

correlating BOLD data with a stimulation time course across multiple time blocks, 

the so-called block design. Contrasting the stimulus and rest conditions in the GLM 

model design, in effect, averages across each condition and performs a subtraction, 

minimizing “noise” in the BOLD signal and revealing brain regions modulated by 

the stimulus or task (Amaro & Barker, 2006; M. D. Fox & Raichle, 2007). Besides 

subtraction, other condition comparison strategies include factorial (Gurd et al., 

2002), parametric, or conjunction (Bremmer et al., 2001) types. In addition to the 

standard block design, event-related and mixed designs became necessary in 

assessing higher cognitive functions due to the less predictable timing of stimuli or 

tasks (Amaro & Barker, 2006; Stark & Squire, 2001). The collection of functional 

scan(s) for each subject and the development of multi-level mixed effects GLM 

enabled studying group-level activation effects (Beckmann et al., 2003; Woolrich, 

Behrens, Beckmann, et al., 2004). Such mass-univariate model-based analysis 

represents classical statistical inference and is standard in fMRI research. 

Advancing computing power and software development led to more flexible and 

sensitive multivariate and model-free statistical methods (Hanke et al., 2009; 

Kauppi et al., 2014; Kiviniemi et al., 2011; Mahmoudi et al., 2012). Multivariate 
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methods combined with ML have become powerful tools, and the design and 

testing of explicit models of neural presentations represent the current state-of-the-

art research (Breedlove et al., 2020; Gu et al., 2022; Naselaris & Kay, 2015; 

Saarimäki et al., 2022; Vanni et al., 2005, 2015). 

Analysis of RSNs 

The notion that task-related increases in neuronal metabolism are small (<5%) and 

the observations of organized spontaneous BOLD activity in somatomotor cortices 

(Biswal et al., 1995) and other regions of the brain (Damoiseaux et al., 2006; M. D. 

Fox et al., 2005; M. D. Fox & Raichle, 2007; Lowe et al., 1998) generated a new 

study field of resting state (RS-) fMRI. It was found that brain networks were 

discernible even without external stimuli while study subjects just rested in the 

scanner. The major brain networks and their subnetworks were shown to have close 

correspondence between the independent analyses of resting and activation brain 

dynamics (Smith et al., 2009). Networks have also been identified with other 

modalities, such as EEG, ECoG, and MEG  (Bourguignon et al., 2011; Bray et al., 

2015; De Tiège et al., 2020; Jousmäki, 2000; Sadaghiani et al., 2022). 

Nowadays, fMRI during a patient's rest is an applicable option. It can be 

implemented in connection with typical diagnostic anatomical MRI study without 

complex preparations, rehearsal, or additional MRI-compatible stimulus hardware. 

RS data obtained through the scans can be analyzed with a variety of methods, e.g., 

functional connectivity (Cherkassky et al., 2006; Kennedy & Courchesne, 2008b), 

regional homogeneity (Zang et al., 2004), co-activation pattern (X. Liu et al., 2018) 

and independent component (Kiviniemi et al., 2003) analyses, to name but a few. 

Recently, a range of empirical phenomena, including functional connectivity 

gradients, the task-positive/task-negative anti-correlation pattern, the global signal, 

time-lag propagation patterns, the quasiperiodic pattern, and the functional 

connectome network structure, were presented as manifestations of three 

spatiotemporal patterns (Bolt et al., 2022). These patterns combining zero-lag 

representations of functional connectivity structure and time-lag representations of 

traveling wave structure explain a large portion of the variance in spontaneous 

BOLD fluctuations and account for much of the large-scale structure underlying all 

FC analysis (Bolt et al., 2022). 
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Functional connectivity (FC) 

Traditionally RS-fMRI analysis has relied on a temporally stationary, i.e., static FC 

measure, in which the correlations between the voxel time series of brain regions 

are examined as unchanging over time. A cross-correlation coefficient map is 

obtained by correlating the average time course of the seed voxels with other brain 

areas’ voxels’ time courses. The most used measure for the degree of correlation is 

probably the Pearson correlation coefficient, a normalized measurement of the 

covariance. When the covariance is divided by the two samples’ standard deviations, 

the range of the covariance is rescaled to the interval between -1 and +1 (Rodgers 

& Nicewander, 1988). It reflects the linear correlation of variables, but ignores 

many other types of association between signals.  

Regional homogeneity (ReHo) 

ReHo is a particular case of FC, measuring the local synchronization of 

spontaneous fMRI signals by calculating the similarity of dynamic fluctuations of 

voxels within a given cluster, and without any a priori assumptions regarding the 

hemodynamic model or the signals’ probability distributions (Long et al., 2008; 

Zang et al., 2004; Zou et al., 2009). 

In ReHo, a non-parametric statistic Kendall’s W, i.e., Kendall’s coefficient of 

concordance (KCC; Kendall & Gibbons, 1990; Legendre, 2010), is calculated to 

represent the similarity of the BOLD time series vi(t) of each K nearest neighboring 

voxels (Jiang & Zuo, 2016; Maximo et al., 2013; Song et al., 2011; Zang et al., 

2004). The KCC is given to the center voxel; 

 𝑊
∑

 (1) 

where W (ranging from 0 to 1 and representing no concordance to complete 

concordance) is the KCC among given voxels; Ri=1,…,n represents the ranks of vi(t), 

and n is the number of temporal observations in the time series (e.g., in Study II, n 

= 249, the number of BOLD volumes - 1); 𝑅 𝑛 1 𝐾 /2 is the overall mean 

rank across all the K neighbors and all temporal observations; K is the number of 

time series within a measured cluster (e.g., in Study II, K = 27, one given voxel 

plus the number of its neighbors) (Jiang & Zuo, 2016; Zang et al., 2004). 

Zou et al. (2009) investigated the static and dynamic characteristics of cerebral 

blood flow (CBF) in the RS using an arterial spin labeling (ASL) perfusion imaging 
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technique. Consistent with previous results from another functional imaging 

method measuring metabolic changes, positron emission tomography (PET), static 

CBF measured by ASL was significantly higher in the PCC, thalamus, 

insula/superior temporal gyrus (STG), and medial prefrontal cortex (mPFC) than 

the average CBF of the brain. These brain regions also had high temporal synchrony, 

as measured by ReHo. Higher ReHo in the default mode network (DMN; Buckner 

et al., 2008; Raichle et al., 2001) is not simply due to the high CBF baseline or SNR, 

but rather reflects the local synchrony (Zou et al., 2009). Long et al. (2008) used 

three methods to analyze RS-fMRI data; ReHo, linear correlation, and independent 

component analysis (ICA). All three methods depicted the DMN. Since the BOLD 

fMRI reflects neural activity (Logothetis & Wandell, 2004), abnormal ReHo is 

related to changes in the temporal aspects of the spontaneous neural activity in the 

regional brain and is a sign of disrupted local functionality. Analysis of ReHo has 

been utilized in detecting alterations in subjects with attention deficit hyperactivity 

disorder (ADHD; N. He et al., 2022), depression (Iwabuchi et al., 2015), 

schizophrenia (Jin et al., 2021; Qiu et al., 2021), obsessive-compulsive disorder 

(Qing et al., 2021), Parkinson’s (Pan et al., 2017) and Alzheimer’s diseases (Y. Liu 

et al., 2008). 

The aforementioned volume-based method can also be called 3dReHo, but in 

this dissertation, it is referred to as ReHo (Fig. 1). In a volume space, the voxel’s 

neighbors may not be close to the voxel across the cortical mantle. Based on the 

two-dimensional nature of the laminar cerebral cortex, a surface-based ReHo 

variant is then called 2dReHo (Jiang et al., 2015). 
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Fig. 1. Results of regional homogeneity (ReHo) are shown as a Kendall’s coefficient of 

concordance (KCC) map across all typically developing (TD) controls in the resting 

state (one-sample t-test; p < 0.01, corrected for the minimum volume of 456 mm3). The 

image's left-side corresponds to the brain's right-side. Z-coordinates, according to 

Talairach space, are shown in the upper left corner of the slices. Reprinted with 

permission of Elsevier from Study II © 2010 Elsevier.  
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Co-activation pattern analysis (CAP) 

It is important to recognize that the same static FC pattern could result from many 

different combinations or sequences of shorter spatiotemporal patterns of 

underlying time-varying FC (TVFC; Lurie et al., 2020). Since the seminal work of 

Chang and Glover (2010), the last decade has seen a growing trend and a deliberate 

effort to characterize dynamic changes in brain connectivity as a function of time, 

dynamic FC (dFC), or TVFC. It has been suggested that greater intraindividual 

dynamic variance is a potential biomarker of not only ASD but also other mental 

disorders, such as schizophrenia and ADHD, and that it may underlie confusing 

static FC measures (H. Chen et al., 2017; Falahpour et al., 2016; J. Zhang et al., 

2016). The most widely used TVFC method, temporal sliding window analysis, has 

been used to demonstrate that FC in the brain possesses time-varying properties (E. 

A. Allen et al., 2014; Chang & Glover, 2010; Hutchison et al., 2013; Kiviniemi et 

al., 2011; Lurie et al., 2020; Preti et al., 2017), but simulations and critical review 

suggest that the stationarity of the RS data cannot be concluded solely using sliding 

window FC (Hindriks et al., 2016; Laumann et al., 2017), nor CAP analyses 

(Matsui et al., 2022). 

Among the existing TVFC methods, the CAP approach deviates from 

conventional time-domain approaches by regarding single fMRI volumes at 

individual time points, instead of fMRI time courses, as the basic units of analysis 

(X. Liu et al., 2018). Hindriks et al. (2016) suggest that CAPs could be the building 

blocks of spontaneous BOLD activity and that dFC is a reflection of these. As 

Tagliazucchi et al. (2016) state: "Instead of asking whether two voxels are engaged 

in synchronized fluctuations over a relatively long period of time, the question is 

shifted to whether two voxels become jointly activated (i.e., present high activity 

above their baseline levels) and what are the timings and properties of these co-

activations". The beginning of the development of CAP analysis can be traced back 

to when Tagliazucchi et al. (2012) established their point process analysis and 

observed that the timing of high-activity events in BOLD signals allows the 

reconstruction of major RS networks (RSNs). Soon after, Liu and Duyn (2013) 

applied k-means clustering (Jain, 2010) to arrange single fMRI volumes into groups 

and averaged this data group-wise to produce distinct spatial CAPs. Related studies 

have been conducted by other groups using CAP (Bolton et al., 2020; J. E. Chen et 

al., 2015; Di Perri et al., 2017; Gutierrez-Barragan et al., 2019; Kupis et al., 2020; 

X. Liu et al., 2018; Maltbie et al., 2022; X. Zhang et al., 2020; Zhuang et al., 2018) 

or other terms such as activation spatial maps (Iraji et al., 2022), coincident 
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threshold crossings (Hudetz et al., 2015) and modes (X. Li et al., 2015). There is 

also the similarly named iCAPs model (innovation-driven co-activation patterns), 

which, however, processes the BOLD signal more with a deconvolution for the 

HRF, leading to a block-type activity-inducing signal and its further derivative “the 

innovation signal” representing transient activations (Besseling et al., 2018; 

Karahanoğlu & Van De Ville, 2015). 

Constellations of different intrinsic connectivity network (ICN) patterns have 

previously been referred to as brain states (E. A. Allen et al., 2014). Although in 

our study CAPs are not calculated as time-varying FC matrix representations, as 

illustrated by Allen et al. (2014), they can be seen as representing the same brain 

states as a timeline of various spatiotemporal clusters of (de)activation patterns of 

independent ICNs/RSNs (Maltbie et al., 2022; Preti et al., 2017). It has been shown 

that averaging sparse activation events produces ICN patterns that are similar to the 

conventional seed-based correlation map, which requires the entire dataset (X. Liu 

& Duyn, 2013; Tagliazucchi et al., 2016). Activation events can be further divided 

into several distinct subgroups, with specific spatial patterns suggesting dynamic 

organization. These brain states are visualized as a mean image of multiple volumes 

(Fig. 2) in which ICNs (Fig. 3) are in similar activation phases, as determined by a 

clustering algorithm. If the number of states or CAPs depicting the same data is 

increased, the amount of time for which one CAP is represented grows 

proportionately shorter. In CAP analysis, the gathered volumes do not have to be 

sequential, and voxel signal levels per se can be evaluated. These two issues present 

differences from most sliding window TVFC analyses (X. Liu et al., 2018; Lurie et 

al., 2020; Preti et al., 2017). Neither sliding windows FC, nor CAP analysis proves 

the non-stationarity of RS brain activity (Matsui et al., 2022). 
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Fig. 2. Co-activation patterns (CAPs) as a hierarchical clustering result dendrogram 

(Study III). Top, hierarchical clustering (cosine distance, Ward's method) result 

dendrogram of 11 930 resting state (RS) fMRI volumes of 55 adolescent participants. 

The X-axis shows the study-specific distances between the clusters as height h. When 

h = 0, each volume forms its own cluster, and h ≈ 3.48 (dashed blue line on the right) 

corresponds to splitting the volumes into 30 clusters. Due to image resolution 

limitations, the volumes were merged as the thickened black column on the Y-axis. The 

lower part of the figure highlights the cluster levels from 02 to 30 as a cladogram, which 

shows the relations between the CAPs. The first number indicates the total cluster 

count at that level. The second number was determined by the clustering algorithm that 

showed the cluster's ordinal number for only that hierarchical level. For visualization, 
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the branch lengths have been scaled equal in the cladogram, as opposed to a 

dendrogram. Each CAP's z-statistic map slice is shown from the same level of anterior 

and dorsal nodes of the default mode network (DMN). The lower DMN-negative or "task-

positive" branches of the cladogram comprise 4658 volumes (39%), and the upper DMN-

positive branches 7272 volumes (61% of the whole data) of the RS-fMRI data. Further 

CAP volume distributions (Figures S1a–b) are detailed in Supporting Information S1 of 

Study III (https://onlinelibrary.wiley.com/doi/full/10.1002/brb3.2174). The z-statistic color 

keys range from -20 to -3.5 and 3.5 to 20. Reprinted under CC BY 4.0 license from Study 

III © 2021 The Authors. 

From among the CAP methods, the following can be distinguished: 1) seed-based 

methods (e.g., Amico et al., 2014; J. E. Chen et al., 2015; Di Perri et al., 2017; Liu 

& Duyn, 2013), in which the volumes for analysis are selected via predefined seed 

voxel or region thresholds and in which interactions with the rest of the brain are 

probed; and 2) seed-free analyses, such as ours, in which the clustering algorithm 

is applied to all volumes in an entirely data-driven way (e.g., Bolton et al., 2020; 

Liu et al., 2013, 2018); or 3) studies utilizing both approaches (Gutierrez-Barragan 

et al., 2019; Iraji et al., 2022). Further, 4) it is possible to form simplified CAPs 

derived from a limited number of key network ROIs, disregarding the rest of the 

brain (Kupis et al., 2020). Some researchers interpret that most of the information 

in the RS-fMRI time courses is carried by a much smaller set of discrete events, 

which in turn reflect discrete local field potential power events (Karahanoğlu & 

Van De Ville, 2015; Tagliazucchi et al., 2016; X. Zhang et al., 2020), and can 

provide directed information of the functional correlations and temporal lags across 

regions (Cifre et al., 2021). Others argue that focusing on peak events discards 

important information about transient patterns of connectivity and network 

reconfigurations (Iraji et al., 2022). Another relevant distinction between studies is 

that many studies have focused on temporal properties or CAP metrics, such as the 

occurrence rate, dwell time, and transition probability (e.g., Bolton et al., 2020; 

Chen et al., 2015), whereas the most salient findings in our Study III, concentrate 

on the spatial differences across the groups (also see Amico et al., 2014; Di Perri et 

al., 2017). 

 In CAP analysis, BOLD fMRI volumes are described by their voxels' signal 

amplitudes, and their relation to other volumes can be defined via a suitable 

function, such as the Pearson correlation coefficient (J. E. Chen et al., 2015; Di 

Perri et al., 2017; X. Li et al., 2015; X. Liu & Duyn, 2013; Rodgers & Nicewander, 

1988; Yao et al., 2016), or cosine distance (Karahanoğlu & Van De Ville, 2015; 

Manning et al., 2008). Among the many unsupervised learning methods, fMRI 
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studies have also utilized hierarchical clustering for FC analysis (Kam et al., 2017) 

and for voxel-wise approaches (X. Liu et al., 2012; Thirion et al., 2014; Y. Wang et 

al., 2016; Y. Wang & Li, 2013). As opposed to k-means clustering, hierarchical 

agglomerative algorithms are deterministic, and do not require a predetermined 

number of clusters. To decide which data objects (fMRI volumes here and in Study 

III) are combined during hierarchical clustering, we chose Ward's method. This 

belongs to minimum variance methods and uses one variant of the Lance-Williams 

dissimilarity update formula, sharing the total error sum of squares criterion with 

k-means clustering (Jain, 2010; Murtagh & Legendre, 2014) and thus builds on 

earlier CAP research (Bolton et al., 2020; J. E. Chen et al., 2015; Di Perri et al., 

2017; X. Liu et al., 2013; X. Liu & Duyn, 2013). While there is a wide temporal 

gap to cross between EEG and BOLD fMRI phenomena, a new EEG study 

demonstrated brain-wide intrinsic networks and CAPs also in neuronal-timescale 

dynamics (Ding et al., 2022). 

Independent component analysis (ICA) 

One of the most widely used methods to reveal intrinsic connectivity networks is 

ICA. It does not assume a hemodynamical model but is a blind source separation 

technique that assumes the observed signals are linear combinations of independent 

underlying signal sources (Hyvärinen & Oja, 2000). ICA decomposes individual or 

group-related linearly mixed BOLD fMRI data into components with associated 

time courses and spatial maps that are, in a statistical sense, maximally independent. 

ICA can be used both individually and group-wise over a temporal or spatial 

domain. In spatial ICA, each component is associated with a spatial map depicting 

the signal locations in the brain. In raw fMRI data, even up to 70–90% of these 

components may be considered noise, but others reflect neuro-anatomical systems 

(Abou-Elseoud et al., 2011; M. D. Fox & Raichle, 2007; Griffanti et al., 2017; 

Hyvärinen & Oja, 2000; Kiviniemi et al., 2003). 

ICA cannot determine the absolute number of functional networks (Uddin et 

al., 2019), but results are sensitive to the model order (chosen number of 

components), which should be adjusted depending on the study goals (Abou-

Elseoud et al., 2010, 2011; Kiviniemi et al., 2009). A model order that is too low 

may lead to inappropriate fusion of signal sources. Fine-grained parceling requires 

high model orders, which break larger components into smaller ones, yielding 

information regarding network hierarchies (Kiviniemi et al., 2009; Smith et al., 

2009). This dimensionality also influences the naming of networks. With high 
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model orders, the variation in decomposition inherent to the ICA method may 

further hamper the naming. 

2.3.2 Brain networks 

Major primary brain networks, such as visual, motor, and somatosensory networks 

are quite stable and their naming at a coarse level is straightforward. However, the 

network nomenclature associated with higher cognitive functions varies 

concerningly, but has fortunately also led to descriptions grounded on meta-

analysis and proposals for a common taxonomy (Uddin et al., 2019; Urchs et al., 

2019; Witt et al., 2021). Uddin et al. (2019) propose six ubiquitous large-scale 

functional systems referred to by their anatomical names as a reasonable starting 

point: 1) the occipital network (ON, most commonly associated with visual 

domain), 2) the pericentral network (PN, somatomotor), 3) the dorsal frontoparietal 

network (D-FPN, attention), 4) the lateral frontoparietal network (L-FPN, control), 

5) the midcingulo-insular network (M-CIN, salience) and 6) medial frontoparietal 

network (M-FPN, default). These cortical networks also have less well charted 

subcortical, cerebellar, and brainstem counterparts (Ji et al., 2019; Uddin et al., 

2019). In Study III (Fig. 3), we chose a 14-dimensional approach to promote 

pragmatic visual inspection and to cover the major networks in line with earlier 

studies (Castellazzi et al., 2014; Starck et al., 2013; Thornburgh et al., 2017; 

Whitehead & Armony, 2018; Yeo et al., 2015). 
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Fig. 3. Study-specific cores of 14 resting state networks (FSL MELODIC group ICA 

components). The components are ordered column-wise according to the explained 

variance. Overlapping areas were removed by assigning each 4x4x4 mm3 voxel to only 

one IC, with the highest absolute z-statistic over the other ICs. The component areas 

were used as voxel-wise masks and an atlas to label brain areas when interpreting 

results. Images of the combined 14 components and study mask are also displayed. 

The z-statistic color key ranges from 0 (black) to 14 (white). Reprinted under CC BY 4.0 

license from Study III © 2021 The Authors. 

Default mode network (DMN) 

Early brain PET imaging showed that when participants are not engaged in 

cognitive or other external tasks, certain brain areas (medial posterior cingulate 

cortex, ventromedial prefrontal cortex, medial temporal lobe, and angular gyrus) 

tend to become more activated (Shulman & Fiez, 1997). This network was later 

labeled the default mode network (DMN) (Buckner et al., 2008; Greicius et al., 
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2003; Raichle et al., 2001). The DMN is also one of the three fundamental poles of 

cerebellar functional neuroanatomy, alongside the motor and attentional/executive 

processing (Guell & Schmahmann, 2020). On a large-scale connectivity view, the 

DMN sits at the opposite end of a hierarchy equidistant from the primary sensory 

and motor regions, characterizing its role in cognition and processing transmodal 

information (Margulies et al., 2016). The two main aspects of DMN are self-

referential processing and autobiographic memory (Davey et al., 2016; Gusnard et 

al., 2001). Deactivation has been thought to indicate an interruption of mental 

activity (Kennedy et al., 2006), and failure to deactivate the DMN has been 

associated with increased attentional lapses, reduced task performance in aging, 

Alzheimer’s disease, and schizophrenia (Stiernman et al., 2021). Recent work has 

begun to study the DMN’s role in the regulation and reconfiguration of brain states 

in varying contexts and highlighted its functional heterogeneity (Groot et al., 2021; 

Stiernman et al., 2021). The precuneus, a hub inside the posterior DMN (Fig. 3: 

Default Mode Dorsal or DMN-D), interacts with both the DMN and the 

frontoparietal networks (Utevsky et al., 2014). Precuneus is a functional core of 

DMN with a heightened specialization for resting state cognition, but is also more 

broadly engaged under various processing states (Utevsky et al., 2014). Distinct 

DMN connectivity patterns can be observed in different amplitude time points, 

likely related to transient patterns of connectivity embodying dynamic integration 

and segregation of ICNs (Iraji et al., 2022). Continuous switching between internal 

and external modes in the brain appears necessary for generating models of the self 

and the world (M. Kim et al., 2021).  

Executive function networks 

Executive function (EF) refers to a set of higher-order cognitive processes 

comprising distinct but highly intercorrelated components necessary for goal-

directed behavior.  EF includes three core components: inhibitory control, cognitive 

flexibility, and working memory (Diamond, 2013; Sung et al., 2022). In the fMRI 

realm, the central executive network (CEN) can be considered in some regards the 

opposite of the DMN, as they often show contrasting patterns of activation (van der 

Linden et al., 2021), though the transfer of information and modulatory interaction 

has been speculated during momentary integration (Iraji et al., 2022). The CEN 

becomes activated in situations requiring attention, focus, or concentration, such as 

active maintenance of working memory, switching between tasks, or inhibiting 

irrelevant information (van der Linden et al., 2021). However, the inconsistent use 
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of EF network labels and varying spatial topography are a source of confusion. 

Image-based meta-analysis by Witt et al. (2021) identified nine labels that are 

frequently used to describe topographically or functionally similar executive brain 

networks: the central executive network (CEN), the cognitive control network 

(CCN), the dorsal attention network (DAN), the executive control network (ECN), 

the executive network (EN), the frontoparietal network (FPN), the working 

memory network (WMN), the task-positive network (TPN), and the ventral 

attention network (VAN). Their clustering analysis of group level statistical 

parametric maps (SPMs) identified four separable network clusters. Two lateralized 

FPNs contributed to all four clusters. SPMs labeled ECN contributed most to the 

third cluster. SPMs labeled DAN and TPN were found to contribute to the fourth 

cluster. Respective new anatomy-based label recommendations for these four 

clusters were left and right lateral frontoparietal networks (left/right L-FPN, with a 

secondary label of left/right CEN), dorsomedial frontoparietal network (dM-FPN, 

with a secondary label of anterior control network) and dorsal frontoparietal 

network (D-FPN, with a secondary label of dorsal attention network, DAN). (Witt 

et al., 2021) 

Interestingly, the FPN is 2.3-fold overrepresented in the cerebellum compared 

to the cortex and occupies more cerebellar volume than any other RSN, supporting 

our executive and adaptive capabilities (Marek et al., 2018; Van Overwalle et al., 

2020). 

Salience network 

The salience network has also been characterized as a VAN, a cingulo-opercular 

network, and a M-CIN (Uddin et al., 2019). Core regions are the bilateral anterior 

insula and anterior midcingulate cortex, which are also active in almost all 

cognitive demands or tasks, likely serving broad functions (Bird et al., 2010; Kana 

et al., 2007; Simmons et al., 2008; Sridharan et al., 2008; Uddin, 2015; Uddin et 

al., 2019). For example, the insula is known to activate automatically during both 

subjective feeling and during other persons’ feeling of disgust (Wicker et al., 2003), 

integrating multimodal responses to novelty or temporal mismatch (Bamiou et al., 

2003; Naghavi et al., 2007), intolerance of uncertainty (Simmons et al., 2008) and 

so on. However, on a greater scale, the salience network is involved in the general 

role of switching between other networks, particularly the DMN and the CEN, thus 

related to mind-wandering and task concentration (Sridharan et al., 2008; Uddin & 

Menon, 2009; van der Linden et al., 2021). The label “salience” denotes its broad 
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role in identifying important, i.e., salient information. This descriptor is consistent 

with findings from task fMRI of homeostatic, emotional, and cognitive factors 

associated with subjective salience, worthy of further attention and processing 

(Uddin, 2015; Uddin et al., 2019). 

Network interplay during higher cognitive functions: attention, mindfulness 

In healthy adults, a network graph study found that optimal sustained attention 

arose from reduced network cross-talk and greater within-network communication 

in task-relevant networks such as salience, cingulo-opercular, dorsal attention, and 

visual (Zuberer et al., 2021). In contrast, optimal attention predicted greater 

network cross-talk, reduced within-network communication in auditory and 

sensorimotor networks, and lower within-network communication in the 

subcortical and ventral attention networks (Zuberer et al., 2021). The relationship 

between network graphs and brain (de)activations needs clarification. 

Fluctuations in attentional stability are tracked over time in task-positive (e.g., 

DAN and VAN) and task-negative (e.g., DMN) regions, and vary in specific ways 

before attention lapses or concerning reaction time and performance (Fortenbaugh 

et al., 2018). The DMN contributions are not unambiguous, but also modulated, for 

example, by motivation (Fortenbaugh et al., 2018). 

Concentration or sustained attention and mind-wandering or task-unrelated 

thoughts are two general mind states alternating with varying frequency and 

duration during some task. In a study by Scheibner et al. (2017), mindful attention 

was characterized by less activity in the DMN than mind-wandering, independent 

of attention type (internal breathing or external sound). The activation difference 

was greater in inner attention meditation than in external attention meditation. 

While the ability to concentrate or uphold sustained attention is not equal to 

mindfulness, these concepts are related, and mindfulness-based interventions can 

increase attention (Trautwein et al., 2020). The typical definition of mindfulness is 

the ability to stay aware of and focus attention on experiences in the present 

moment in an accepting, nonjudgmental manner (Bishop et al., 2004). These 

transient cognitive states may be captured better in dynamical temporal analysis 

than in static methods. Marusak et al. (2018) showed that trait mindfulness in 

youths is related to dynamic but not static RS connectivity. The more mindful 

youths transitioned more between brain states, spent less time in a particular 

connectivity state, and showed a state-specific reduction in connectivity between 
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salience and central executive (i.e., frontoparietal cognitive control) networks 

(Marusak et al., 2018). 

Parallel top-down volitional attention is influenced by the DAN, which has key 

nodes in the bilateral intraparietal sulcus, superior parietal lobule, and frontal eye 

fields (Vossel et al., 2014; Yamasaki et al., 2017). Research has demonstrated that 

these dorsal frontoparietal areas can causally modulate visual areas' activity (Vossel 

et al., 2014). Much of the research has focused on visuospatial attention, but studies 

in other sensory modalities have led to the proposal that the DAN and VAN are 

potentially supramodal attention systems (Vossel et al., 2014). 

2.4 Autism spectrum disorder (ASD)  

According to the latest 11th revision of the World Health Organization's (WHO) 

International Classification of Diseases (ICD; ICD-11), ASD is a 

neurodevelopmental disorder characterized by persistent deficits in one's ability to 

initiate and sustain reciprocal social interaction and social communication, as well 

as by a range of restricted, repetitive, and inflexible patterns of behavior and 

interests. These usually pervasive deficits are sufficiently severe to cause 

impairment in the individual’s functioning, observable in all settings, although they 

may vary contextually in personal, family, social, educational, and occupational 

interactions (World Health Organization, 2020). 

The two primary official sources for autism diagnosis are the ICD above, 

published by WHO, and the Diagnostic and Statistical Manual of Mental Disorders 

(DSM; latest 5th edition DSM-5, 2013), published by the APA. The DSM is favored 

in the USA, while the ICD is widely used in Europe; both are influential globally. 

Both diagnostic criteria incorporate autism, Asperger syndrome (AS), and 

pervasive developmental disorder – not otherwise specified (PDD-NOS) under a 

single category of ASD. Both highlight impairments in two areas – social 

communication and restricted interests and repetitive behaviors – as characteristics 

of the condition. Both are similar in their conceptualization of autism as a broad 

category or spectrum comprising many different presentations and are intended to 

identify the same people, but ICD-11 focuses on this diagnostic concept and 

provides examples of manifestations, while DSM-5 is more prescriptive (First et 

al., 2021). The manuals also have other differences. While ICD-11 does not 

mention sensory abnormalities such as over- or undersensitivity to sound and touch, 

DSM-5 includes these features. 
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On the other hand, ICD-11 details subcategories specifying whether an autistic 

individual also has an intellectual disability and the degree of possible language 

impairment, while DSM-5 merely acknowledges that autism and intellectual 

disability can co-occur (American Psychiatric Association, 2013; World Health 

Organization, 2020). In addition to the two aforementioned official diagnostic 

systems, by 2020 there were almost two hundred data-driven studies aimed at 

recognizing subtypes of ASD (Agelink van Rentergem et al., 2021). Usually, in 

such a study, two to four subtypes described the data well, but the variability of the 

used measures prevented reasoning whether new subtypes were discovered in each 

study or whether these were different perspectives on the same subtypes (Agelink 

van Rentergem et al., 2021). 

The prevalence of ASD depends on the diagnostic criteria, but for example, in 

an epidemiological study of 5484 eight-year-old Finnish children, the prevalence 

according to DSM-IV-TR criteria was 8.4 per 1000 (Mattila et al., 2011). There has 

been a notable increase in the prevalence of ASD in the last decades – currently, 

18.5 per 1000 in the USA, according to DSM-5 (Maenner, 2020). The etiology of 

ASD has been widely studied, but the whole process, with many biological and 

environmental factors, is difficult to grasp. Hundreds of gene variants and de novo 

mutations affecting transcriptional regulation have been associated with ASD 

(Herrero et al., 2020). In a multinational cohort study, the estimated heritability of 

ASD was 80%, ranging from Finland’s 51% to Israel’s 87% (Bai et al., 2019). Still, 

none of the individual genes identified to date account for more than 1% of ASD 

cases (Panisi et al., 2021). A recent review argues that the epidemiological and 

clinical findings in ASD cannot be explained by the traditional linear genetic model 

alone, hence the need to move towards a more fluid conception, integrating genetics, 

environment, and epigenetics as a whole (Panisi et al., 2021). At least 25 different 

etiological mechanisms and models for ASD have been proposed, each accounting 

for some aspects of the findings related to ASD (Sarovic, 2021). A recently 

suggested unifying theory deconstructs autism into three contributing features: an 

autistic personality dimension, cognitive compensation, and neuropathological risk 

factors. These interact to cause a maladaptive behavioral phenotype that may 

require a clinical diagnosis (Sarovic, 2021). 
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2.5 Face processing in ASD 

2.5.1 Development 

Brain network development takes advantage of antenatal and neonatal prewiring. 

Already in neonates, occipital and fusiform face areas (FFA) show biased FC with 

foveal V1, while the parahippocampal place area and retrosplenial complex are 

biased toward peripheral V1. These differential inputs may facilitate or even guide 

the development of domain-specific processing in each network (Kamps et al., 

2020). Early visual experience primes not only visual but cross-modal face 

specialization in the FFA (Dai et al., 2022). Infants show shifting patterns of visual 

engagement to faces over the first years of life, related to the onset of spoken 

language. Once toddlers begin learning how to talk, they change focus from the 

eyes to the mouth. As phrase speech and more complex spoken communication 

continue to develop, they again increase eye-looking (Habayeb et al., 2021). The 

ability to recognize faces improves further into adulthood. The development of 

face-selective brain regions, but not place-selective regions, results from cortical 

tissue proliferation rather than from pruning exclusively (Gomez et al., 2017). 

While ASD generally does not affect the ability to detect and orient to faces 

(Guillon et al., 2014), face detection may be slower (Georgopoulos et al., 2022; 

Kala et al., 2021), and interpretation of gaze cues problematic (Del Bianco et al., 

2021). Eye-tracking studies have shown that when people look at photographs 

depicting social scenes, they first look at faces, and then their gaze wanders to other 

parts of the image. Neurotypical adults are likely to return their gaze to the faces 

after a few seconds, whereas ASD participants have a low probability of returning 

to the face (Del Bianco et al., 2021). Further, the reduction of gaze on eyes is 

consistent across different ages and cultures in ASD (X. Ma et al., 2021). Two 

different mechanisms may drive the early and late looking patterns, with ASD 

affecting only the latter. Interest in faces grows with age in neurotypical people but 

not in ASD (Del Bianco et al., 2021), though gaze on the mouth may increase as 

ASD individuals age (X. Ma et al., 2021).  

ASD participants with the most distinct eye movements pattern also have the 

poorest communication skills (Del Bianco et al., 2021). Better face recognition 

ability predicts better affective theory of mind ability and, thus, social cognition in 

ASD, but not in schizophrenia or typical development (Altschuler et al., 2021). 

Selective activation of reward and motivation linked areas of the ventral striatum 

and nucleus accumbens when viewing and responding to happy faces was detected 
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in controls but not in ASD participants (Shafritz et al., 2015). The lack of 

motivation to engage in social interaction, perhaps due to different maturation and 

function of the subcortical pathways, associates with the diminished rewards and 

pleasure value for faces (Hari & Kujala, 2009; Johnson et al., 2005; Neufeld et al., 

2019). 

2.5.2 Associated fMRI research 

Problems in recognizing facial expressions are considered as one of the core 

features of ASD (Campatelli et al., 2013; Kuusikko et al., 2009; Sigman et al., 

2004), though ASD participants were able to discriminate between happy and 

fearful faces without any performance lack (Shafritz et al., 2015). It has been 

suggested that the social problems in ASD may result from a lack of fundamental 

appreciation of the commonality between self and others (Gopnik & Meltzoff, 1994; 

Uddin et al., 2008). Brain imaging studies suggest that typically developing (TD) 

individuals automatically share the emotions of others, probably due to shared 

affective neuronal networks (de Vignemont & Singer, 2006). 

Brain simulation mechanisms and the mirror neuron system (MNS) may be 

relevant to social functioning in everyday life (Hari et al., 2014; Pfeifer et al., 2008; 

Rizzolatti & Sinigaglia, 2010). The MNS consists of the brain regions which 

activate both when participants act and when they observe another person 

performing the same action, the core regions being IFG (see Fig. 3: FPC L – left 

IFG pars triangularis [p.tr] & opercularis [p.op] upper half; DMN/Lang – left IFG 

lateral lower half between p.tr & p.op; Auditory / Ventral attention posterior – left 

IFG lower medial part, most of the right IFG; FPC R – right IFG p.tr upper anterior), 

and inferior parietal lobule (IPL) (see Fig. 3: Posterior FPC R – IPL Pfm R; 

somatosensory; rostrocaudal parts of motor;  Auditory / Ventral attention posterior 

– IPL Pfm lower & posterior parts) (Caspers et al., 2013; Hamilton, 2013; Iacoboni, 

2005; Iacoboni et al., 1999; Johnson-Frey et al., 2003; Numssen et al., 2021). A 

broader MNS definition may also incorporate the somatosensory and premotor 

cortex (PMC), possibly the anterior insula (Caspers et al., 2010; Hamilton, 2013). 

Schultz et al. (2000) were the first to provide direct neurofunctional evidence for 

atypical face processing in ASD. Dapretto and colleagues (2006) found that MNS 

activity in the IFG p.op was absent during observing facial expressions and 

inversely related to symptom severity in the social domain in participants with ASD. 

However, later studies have shown mixed results with increased and normal activity, 

and no overall evidence of abnormal MNS responses in ASD (Bastiaansen et al., 
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2011; Di Martino et al., 2009; Grèzes et al., 2009; Martineau et al., 2010; Philip et 

al., 2012; Schulte-Rüther et al., 2011). Instead, an alternative model with abnormal 

social top-down response modulation of MNS has been suggested (Hamilton, 

2013). It seems that MNS dysfunction is not a principal feature of ASD, but 

variations in mirroring may be related to differential expressions of ASD symptom 

severity (Prinsen & Alaerts, 2022). 

Increasing emphasis has been put on the dynamic aspects of facial expression 

processing. Dynamic information may be integral to the mental representation of 

faces (Freyd, 1987). Moreover, dynamic facial stimuli may provide a more 

naturalistic and robust approach to examining face processing. It has been shown 

that dynamic stimuli activate brain areas related to facial expressions more 

extensively than static stimuli (LaBar et al., 2003; Sato et al., 2004; Trautmann et 

al., 2009). In fMRI studies with TD individuals, dynamic facial expressions (DFEs) 

dominantly activate the right occipital and temporal gyri, fusiform gyri (FFG), the 

amygdala (Amy; Amy lower half – Auditory/VAN-P; Amy upper half – Motor; 

minimal DMN-A, FPC L&R, DMN-V), parahippocampal areas, the IFG, ventral 

PMC and intraparietal sulcus (ant IPL – somatosensory; post IPL – DAN; IPL – 

FPC R & L) (LaBar et al., 2003; Sato et al., 2004). According to the Harvard-

Oxford cortical structural atlas, the FFG has four parts: temporal fusiform cortex 

anterior (minimal DMN-D, salience/VAN-A, FPC R, FPC L), posterior (DMN-V), 

temporal occipital fusiform cortex (DAN occipital caudal parts, minimal Visual Up 

Med) and occipital FFG (partly Visual Medial, partly Visual Lateral). 

Pelphrey et al. (2007) were the first to use DFE stimuli morphed from static 

facial images in fMRI in adults with high-functioning autism (HFA). They 

concluded that key components of the human face processing system of the social 

brain areas, i.e., the Amy, FFG, and posterior superior temporal sulcus regions 

(pSTS – Auditory/VAN-P), showed less activation in individuals with HFA. 

However, such differences were not observed in regions outside the face processing 

system (Pelphrey et al., 2007). 

Functional neuroimaging provides one avenue for investigating the neural 

implementation of emotions (Cao et al., 2018; Viinikainen et al., 2010). Another 

focus of interest in functional neuroimaging of visual processing has been the 

inclusion of valence, or pleasantness, versus the unpleasantness of facial 

information. Dimensional theories consider that emotions are represented in N-

dimensional space, where the two cardinal dimensions explaining most of the 

emotional variation are commonly referred to as valence and arousal (Russell & 

Barrett, 1999). The strength of the BOLD signal has a quadratic relation with the 
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evaluated valence of an image, showing an inverted U-shape correlation to the 

subjective reported valence dimension, negative with valence ratings for pleasant 

pictures and positive with valence ratings for unpleasant pictures in multiple brain 

regions (Viinikainen et al., 2010). 

We have previously combined the use of dynamic expressions with opposing 

valences in analyzing facial expression processing in TD participants (Rahko et al., 

2010). Valence-related differences were detected in brain activation and de-

activation in TD participants on passive viewing of dynamic fearful and happy 

facial expressions (Rahko et al., 2010). In TD participants’ opposing-valence DFEs, 

the positive valence both activates less and deactivates more than the negative 

valence. We also demonstrated that the MNS was activated more during viewing 

fearful than during viewing happy expressions (IFG and STS) in a left-dominant 

manner (Rahko et al., 2010). We also detected more deactivation in the ventral 

anterior cingulate gyrus (ACG – DMN-A), suggesting more automated attentional 

processing of fearful expressions during passive viewing (Rahko et al., 2010). 

Some investigators (Best et al., 1994; Davidson & Irwin, 1999; Morris et al., 

1998, 1999; Nomura et al., 2004) have reported right hemispheric dominance 

concerning unconscious negative emotional processing or lateralized presentation 

in both valences (Cao et al., 2018), although other studies of emotional valence 

have failed to detect hemispheric dominance (Viinikainen et al., 2010). Sato and 

Aoki (2006) have speculated that right hemispheric dominance in unconscious 

negative emotional processing may not be specific to facial stimuli. 

Observable perceptional alterations in cortical functioning in early parts of the 

visual system might suggest that a local bias may be characteristic of autism (Caron 

et al., 2006). Participants with ASD show a reduced ‘‘face composite effect’’ 

(Teunisse & de Gelder, 2003) and a reduced whole-face advantage for eyes and 

noses (Joseph & Tanaka, 2003). The impairment for faces in ASD might thus result 

from the tendency to represent and encode visual information locally, on a part-by-

part basis rather than holistically (Behrmann et al., 2006). Deruelle et al. (2008) 

explained that it is probably the functional interactions between the Amy, as a 

limbic/emotional structure, and other cerebral regions, such as the dorsolateral 

prefrontal cortex involved in cognition and/or attention, that are dysfunctional in 

ASD. Pelphrey et al. (2007) also showed that static images morphed into DFEs 

show increases in activity in participants with ASD in the Amy, FFG, and STS areas. 

Some studies address co-occurring alexithymia as the cause of the weaker 

recognition of emotional facial expressions rather than ASD per se (Bird et al., 2010; 

R. Cook et al., 2013; Lassalle et al., 2019). An increased rate of ASD is associated 
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with developmental face recognition impairment prosopagnosia (DP; Fry et al., 

2022). The Autism Quotient questionnaire (AQ; Baron-Cohen et al., 2001; Baron-

Cohen & Wheelwright, 2001) was used to assess autism traits in DP participants. 

The Reading the Mind in the Eyes Test (RMET; Baron-Cohen et al., 2001; Baron-

Cohen & Wheelwright, 2001) tested DP participants' ability to decipher the 

emotions of others by viewing only the eyes. Compared to controls, face memory, 

and perception were similarly deficient in the high- and low-AQ DPs, with the 

high-AQ DP group additionally showing deficient face emotion recognition (Fry et 

al., 2022). Task fMRI revealed reduced occipitotemporal face selectivity in both 

groups, with high-AQ DPs additionally demonstrating decreased pSTS selectivity. 

RS fMRI showed similar reduced face-selective network connectivity in both DP 

groups compared to controls (Fry et al., 2022). 

2.6 Brain activity and functional connectivity in ASD 

2.6.1 Static functional connectivity 

Task-based BOLD fMRI studies have revealed abnormalities in the patterns of 

brain BOLD activations in participants with ASD (G. Allen & Courchesne, 2003; 

Clements et al., 2018; Courchesne & Pierce, 2005; Dapretto et al., 2006; Di Martino 

et al., 2009; Hughes, 2007; Iarocci & McDonald, 2006; Just et al., 2007; Kana et 

al., 2007; Kennedy et al., 2006; Kleinhans et al., 2008; Mizuno et al., 2006; Müller 

et al., 2003; Picci et al., 2016; Redcay, 2008). Similarly, RS brain activity with 

fMRI BOLD scans has been able to identify group-level differences in cognitive 

disorders for nearly two decades (e.g., Greicius et al., 2004; Y. Liu et al., 2008), but 

the challenge remains to predict individual-level diagnosis correctly in 

heterogeneous larger populations (M. Liu et al., 2021; Santana et al., 2022). RS 

data obtained through the scans can be analyzed using various methods, some of 

which were discussed in the previous chapters. Higher sensitivity and specificity 

are achieved when RS-fMRI data is complemented with other imaging (task fMRI 

or structural MRI) or phenotypic data (M. Liu et al., 2021; Santana et al., 2022). 

However, compared to task-based studies, RS studies evade the problem of 

different paradigms and difficulties in executing them and do not lose the baseline 

information with subtraction techniques (Q. Wang et al., 2021). 

Among the pioneering RS ASD studies was Cherkassky et al. (2006), who used 

fixation block data between tasks for functional connectivity analyses, detected 
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similarities in the volume and organization in RS networks in autism and control 

groups, but functional underconnectivity was observed in the anterior-posterior 

connections. Kennedy & Courchesne (2008a) used RS-fMRI to reveal that in 

autism, the DMN involved in social and emotional processing was disrupted, 

particularly in the mPFC and left angular gyrus (AG). The DAN was intact and 

similar to that of the control group. A more detailed view of the DMN abnormality 

suggested that the ventral mPFC/ventral anterior cingulate cortex (ACC) 

dysfunction is task-independent and pervasive. However, deficits in the dorsal 

mPFC and retrosplenial/posterior cingulate cortex (PCC) are task-specific 

(Kennedy & Courchesne, 2008a). 

In a meta-analysis of ten seed-based or ICA method RS datasets, the 

participants with ASD showed increased connectivity in the cerebellum, right 

middle temporal gyrus (MTG), superior occipital gyrus (SOG), right supramarginal 

gyrus (SMG), supplementary motor area (SMA), FFG and putamen (Q. Wang et 

al., 2021). Decreased connectivity was discovered in some nodes of the DMN, such 

as the mPFC, precuneus, and AG. Interestingly, compared to seed-based methods, 

ICA subgroup analysis only revealed decreased RS FC in the DMN (Q. Wang et al., 

2021). Also, a previous multilevel model order ICA study found hypoconnectivity 

in the anterior-posterior DMN interplay on the network level, whereas local 

functional connectivity in the DMN seemed relatively unaltered (Starck et al., 

2013). 

In conclusion, ASD is affiliated with altered RS static FC, and the literature 

supports a diffuse pattern of both rather than only under- or over-connectivity.  

Even a thorough review of RS FC in ASD with nearly 70 analysis citations found 

it challenging to draw direct conclusions about the nature of FC in ASD (Hull et al., 

2017; See also Harikumar et al., 2021). In addition to the intrinsic heterogeneity of 

ASD, variation and progress in methodology, such as seed-based vs. ICA FC, may 

confound the static RS FC results. The on-going advancements in fMRI temporal 

sampling (Huotari et al., 2019), noise modeling and regression (Keilholz et al., 

2017; T. T. Liu, 2017; D. Ma et al., 2023; Scheel et al., 2022), motion correction 

(Ciric et al., 2017; Parkes et al., 2018; Raval et al., 2022) and in other phases of 

preprocessing (Bowring et al., 2022) may help to confirm if the FC pattern is really 

that diffuse or not. 



54 

ReHo 

The first local connectivity ReHo studies of ASD (Study II; Shukla et al., 2010) 

reported divergent results, which was not surprising due to crucial methodological 

differences (e.g., resting state vs. task data, treatment of motion, size of local 

clusters tested - 27 vs. 7). But methodologically more similar later studies have 

shown inconsistencies also. The large-sample Autism Brain Imaging Data 

Exchange (ABIDE; http://fcon_1000.projects.nitrc.org/indi/abide/) showed 

extensive resting state local overconnectivity in ASD in the right frontal cortex (Di 

Martino et al., 2014), whereas studies in smaller samples indicated local 

overconnectivity in posterior regions (Keown et al., 2013; Maximo et al., 2013) 

that was not seen in the ABIDE study. A study using a subset of the ABIDE data 

reported underconnectivity in posterior regions, with additional age-related 

changes and a positive correlation between the mean global ReHo and the Social 

Communication Questionnaire (SCQ) (Dajani & Uddin, 2016). However, this 

study applied more liberal movement criteria and included RS data from both eyes-

open and eyes-closed states, which are associated with substantial differences in 

ReHo (D. Liu et al., 2013). Similarly, another ABIDE study reporting decreased 

ReHo in the DMN, and the visual cortex did not specify the state of the eyes (T. Li 

et al., 2019). An eyes-open state affects local connectivity, highlighting ASD-

related overconnectivity in the posterior, visual regions and underconnectivity in 

the cingulate gyrus (CG) (Nair et al., 2018). With eyes closed, the pattern was 

different: local underconnectivity in some visual regions and overconnectivity in 

the posterior CG (Nair et al., 2018). 

Nair et al. (2018) also suggest that local connectivity measures may be 

susceptible to site and cohort variability. Thomas et al. (2020) calculated static 

ReHo, the amplitude of low-frequency fluctuations (ALFF), the fractional ALFF 

(fALFF), degree centrality, eigenvector centrality, local FC density, entropy, voxel-

mirrored homotopic connectivity, and auto-correlation lag, for each ~2000 brain 

volumes in the ABIDE I-II data sets. They trained a three-dimensional 

convolutional neural network (3D-CNN) to classify the RS-fMRI images as being 

from ASD or control participants. When all the measures were combined, the result 

(~ 66%) was still only as good as that of the best single measure, ReHo (Thomas 

et al., 2020). In a smaller sample (86 ASD, 54 TD) of sedated preschool (3-5 year 

old) boys, the ReHo value in the right calcarine of the primary visual cortex was 

increased with ASD and decreased in the language-related brain region (left IFG 

operculum, left MTG, and left AG) and right mOFC (Lan et al., 2021). No 
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significant correlation was found between the abnormal brain regions and the 

Childhood Autism Rating Scale or the Autism Behavior Checklist scores or age. 

Prepubertal boys (34 ASD, 49 TD) aged from 7 to 10  years had decreased ReHo 

in the left lingual gyrus (LG), left superior temporal gyrus (STG), left middle 

occipital gyrus (MOG), and right cuneus (Yue et al., 2022). There were negative 

correlations between ReHo values in the left LG and left STG and the ADOS social 

affect score, and a negative correlation between ReHo values in the left STG and 

the calibrated severity total ADOS score (Yue et al., 2022).  

ASD traits exist on a continuum and are more common in males than females, 

with the male-to-female ratio close to 3:1, though the underlying causes are still 

unclear (Loomes et al., 2017). An adult TD population (42 females, 43 males) 

studied with AQ scoring, ICA, fALFF, ReHo, and seed-based FC, revealed a 

significant negative correlation between the DMN RS FC of the anterior mPFC 

seed (with MOG and with temporal pole [TP]) and AQ scores in males, but not in 

females (Jung et al., 2015). Only males showed altered (increased) ReHo in the 

IFG and cerebellum, but differences were not correlated with ASD traits (Jung et 

al., 2015). Later, and with a bigger ABIDE sample (92 females and 102 males with 

ASD; 92 TD females and 104 TD males), Kozhemiako et al. (2020) found increases 

in local connectivity in the somatomotor and limbic networks (the right primary 

motor cortex, left and right supplemental motor areas, left operculum, posterior 

cerebellum, and bilateral TPs) and decreased local connectivity within the DMN 

(bilaterally in the mPFC, MidFG, PCC, precuneus, and right supramarginal area). 

These alterations were more pronounced, and the correlations between local 

connectivity, the SRS, and ADOS were more robust in females (Kozhemiako et al., 

2020), thus demonstrating that the ReHo alterations in ASD are present in both 

sexes. In general, males had higher ReHo than females with and without ASD, 

especially in the DAN, DMN, and somatomotor network, whereas females had 

higher ReHo within the VAN (Kozhemiako et al., 2020). Females with ASD 

showed a stronger age-related positive correlation in visual networks, weaker 

negative correlation in the limbic network and the VAN, and stronger negative 

correlation in frontoparietal control and the DMN. In contrast, males with ASD had 

stronger negative correlations in the somatomotor network (Kozhemiako et al., 

2020). An even larger (ASD: 362 males, 82 females; TD: 409 males, 166 females) 

ABIDE study examined five whole-brain RS FC metrics and detected ASD-related 

hypo-connectivity for (1) PCC seed intrinsic FC, voxel-mirrored homotopic 

connectivity (VMHC) and ReHo within the bilateral paracingulate cortex and 

frontal pole, (2) VMHC and ReHo in the bilateral PCC and precuneus, and (3) 
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ReHo in the right insula and central operculum (Floris et al., 2021). These results 

were consistent with prior reports of atypical intrinsic organization of the DMN in 

ASD. ASD ReHo hyper-connectivity was not found. Males showed decreased 

ReHo localized in the PCC and precuneus. In females, decreased ReHo was evident 

in the left AG and lateral occipital cortex (Floris et al., 2021).  

Integrating mean regional ReHo and ALFF measurements from ABIDE 

cohorts with datasets of gene expression in the brains of TD and ASD individuals 

showed a differential developmental trajectory in a subset of genes in ASD (Berto 

et al., 2022). These genes are enriched in voltage-gated ion channels and inhibitory 

neurons, supporting the altered E-I ratio hypothesis. From the 11 cortical areas 

(including 20 Brodmann areas [BAs]) analyzed, the primary visual cortex (BA17) 

was the most affected region in ASD, and changes were also found in the inferior 

temporal cortex (BA20/37) (Berto et al., 2022). Atypical local connectivity may 

precede disruptions in long-range FC, as neonates with a first-degree relative with 

ASD had only higher ReHo within multiple RSNs, but normal long-range FC 

compared to age-matched controls (Ciarrusta et al., 2020). The same research group 

had earlier demonstrated higher ReHo in regional ROIs associated with social 

processing in a similar neonatal sample (Ciarrusta et al., 2019). Later in the 

development, the evidence of general local overconnectivity in ASD disappears as 

studies have only detected region-specific mixtures of increased and reduced local 

connectivity (Dajani & Uddin, 2016; Di Martino et al., 2014; Floris et al., 2021; 

Jao Keehn et al., 2018; Jiang et al., 2015; Kozhemiako et al., 2020; Lan et al., 2021; 

G. Li et al., 2018; T. Li et al., 2019; Liu J. et al., 2018; L. Ma et al., 2022; Maximo 

et al., 2013; Nair et al., 2018; Study II; Shukla et al., 2010; Yue et al., 2022; Zhao 

et al., 2022). Age-related developmental changes were also evidenced by an 

ABIDE dataset (443 ASD and 435 TD males) classification study utilizing ReHo, 

which showed a classification performance improvement of up to 10% by 

considering adults and adolescents separately, and indicating that still developing 

adolescents were much more difficult to classify correctly (Vigneshwaran et al., 

2015). 

2.6.2 Time-varying functional connectivity 

We found only four eligible ASD CAP studies (excluding our Study III) in August 

2022. Kupis et al. (2020) derived five simplified CAPs from six key nodes of M-

FPN (DMN, internally oriented cognition), L-FPN (CEN, goal-directed behaviors), 

and M-CIN (salience, dynamic switching between M-FPN and L-FPN). These 
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CAPs were examined in children with and without ASD during tasks and RS (Kupis 

et al., 2020). Inflexibility and reduced differentiation between task and intrinsic 

brain states among the above networks have been shown to be associated with 

restricted and repetitive behaviors (RBBs) in ASD (Uddin et al., 2015). A related 

CAP metric known as dwell time (DT) is the average number of volumes that were 

continuous on the time distribution and classified as the same state, representing 

the duration of each state (Yao et al., 2016). Greater M-FPN DT was associated 

with stronger social abilities, indicating that the dynamics of the M-FPN network 

may be important in understanding social dysfunction in ASD and the general 

population. Kupis et al. (2020) conclude: “Group differences between children with 

ASD and TD children were evident in brain states consisting of the L-FPN and M-

CIN specifically during the fourth task run, suggesting atypical between-network 

coordination in children with ASD during prolonged periods of task engagement. 

Atypical between-network coordination may underlie neural compensation in 

children with ASD, enabling comparable behavioral performance as TD children.”  

In an ABIDE data RS study, ICA-derived M-CIN (salience) components were 

used as the seed area for the top 20% peak amplitudes of time points to extract five 

CAPs. A CAP characterized by coactivation of the M-CIN with L-FPN (CEN) and 

M-FPN (DMN) networks appeared less frequently in children with ASD compared 

with TD children (Marshall et al., 2020). The reduced communication among these 

three networks observed in ASD could be related to cognitive and behavioral 

inflexibility symptoms commonly observed in children with the disorder (Marshall 

et al., 2020; Uddin et al., 2015). 

Children with ASD have higher rates of overweight and obesity (OWOB) than 

TD children. Brain functional connectivity differences have been shown in both 

ASD and OWOB. Still, little is known regarding the neural mechanisms associated 

with the higher prevalence of OWOB and its behavioral impacts on ASD. Kupis et 

al.(2021) examined the interaction between body mass index (BMI) and diagnosis 

in predicting dynamic CAP metrics (DT, frequency of occurrence, and transitions 

between states) as well as dimensional brain-behavior relationships. The 

relationship between BMI and brain dynamics was moderated by diagnosis (ASD, 

TD), particularly among the frequency of CAP 4, characterized in this study by 

coactivation of lateral frontoparietal, temporal, and frontal networks. This pattern 

was negatively associated with parent-reported inhibition skills. Children with 

ASD had a shorter CAP 1, characterized by co-activation of the subcortical, 

temporal, sensorimotor, and frontal networks, and CAP 4 DTs compared with TD 

children. CAP 1 DT was negatively associated with cognitive flexibility, inhibition, 
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social functioning, and BMI. Cognitive flexibility moderated the relationship 

between BMI and brain dynamics in the visual network. These findings provide 

novel evidence of neural mechanisms associated with OWOB in children with ASD. 

Further, poorer cognitive flexibility may increase the vulnerability of children with 

ASD and co-occurring OWOB. Individuals with autism may be more vulnerable to 

the effects of obesity on brain function (Kupis et al., 2021). 

To our knowledge, no studies have enabled definitive inferences between FC 

and CAP analysis. However, Cifre et al. (2021) have evolved CAP methodology 

and defined a measure of nonlinear dynamic directed functional connectivity 

(nldFC) across regions of interest. “This provides directed information of the 

functional correlations, as well as a measure of temporal lags across regions. The 

correlations are computed from events identified either as sources or targets, 

allowing for a straightforward definition of directed graphs (i.e., asymmetric 

correlation matrices)”. The Pearson correlation, computed between the left ventral 

agranular insula and postcentral gyrus, did not show any differences between ASD 

and TD, while it has been reported that the postcentral gyrus has differential 

connectivity in ASD when analyzing large samples (Cheng et al., 2015). However, 

when Cifre et al. (2021) computed the delays from the insula to other regions, 

differences between the two groups in the postcentral gyrus appeared, leading them 

to think that this differential connectivity may be expressed on a spatiotemporal 

domain: “Another example is the additional difference found between the two 

groups concerning a weaker functional connectivity between precuneus cortex and 

ventral agranular insula, which is accompanied by the above-mentioned differences 

in delay.” (Cifre et al. 2021) 

2.6.3 Functional connectivity and machine learning 

We only utilized unsupervised learning via hierarchical clustering in Study III. ML 

and deep learning (DL) models for diagnosis and rehabilitation are rapidly 

advancing (Khodatars et al., 2021). In the near future, it will likely become possible 

to differentiate among a wide range of cognitive disorders or distinct states of 

neurodiversity by different stimuli, tasks, or just RS-fMRI protocols. Even today, 

various ML/DL models can predict with improving accuracy which group an 

individual belongs to, and identify clinically relevant FC alterations and RSNs 

(Lanka, Rangaprakash, Dretsch et al., 2020; Lanka, Rangaprakash, Gotoor et al., 

2020; Santana et al., 2022). While ASD scorings can be predicted from RS-fMRI 

data (D’Souza et al., 2020), using behavioral measures such as the SRS exceeds the 
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classification accuracy achieved with RS-fMRI data (Plitt et al., 2015). In addition, 

behavioral measures are more readily available and less expensive than MRI. 

Many fMRI studies compare group differences between some cognitive 

disorder and TD controls. A recent meta-analysis of RS-fMRI and ML across 55 

ASD studies indicated overall summary sensitivity and specificity of 73.8% and 

74.8%, respectively (Santana et al., 2022). In another review with 47 RS and task 

studies, the classification accuracy ranged from 48.3% to 97%, with higher 

classification accuracies for task studies (M. Liu et al., 2021). Still, most ML 

models differentiate only between two clinical groups (Feczko et al., 2018; Jin et 

al., 2021; Just et al., 2014; Liang et al., 2021; Plitt et al., 2015; Santana et al., 2022; 

Supekar et al., 2022; Thomas et al., 2020; Vigneshwaran et al., 2015), and rarely 

more (Du et al., 2022; Mahmood et al., 2020); we are not aware of studies 

separating more than five groups (Lanka, Rangaprakash, Dretsch, et al., 2020; 

Lanka, Rangaprakash, Gotoor, et al., 2020). Classification accuracy tends to drop 

when the size of the dataset increases because achieving good generalization 

performance in heterogeneous clinical populations is difficult (Lanka, 

Rangaprakash, Dretsch et al., 2020; Santana et al., 2022). Such a heterogeneity 

would appear especially in growing infants, children, and adolescents: populations 

that would particularly benefit from the examination. Larger public pediatric 

imaging datasets are needed (Ali et al., 2022; Khodatars et al., 2021; M. Liu et al., 

2021). Similar issues need to be solved in structural MRI studies utilizing ML (Ali 

et al., 2022; Guo et al., 2022). 

Explainable artificial intelligence (XAI) is an emerging research topic seeking 

solutions to explain how and why decisions inside algorithms are made (Supekar 

et al., 2022; Yang et al., 2022). Many studies have been unable to or, for other 

reasons, did not report the discriminating features (e.g., Vigneshwaran et al., 2015), 

which is part of the so-called black box problem in the artificial intelligence world. 

Those studies that do report discriminating features have highlighted the DMN, the 

ECN, the human voice processing system, and the visual network as the most 

discriminative brain regions in ASD (Liang et al., 2021; Supekar et al., 2022). 
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3 Aims of the present study 

One of the hallmarks of ASD is the differences in social interactions. Interpreting 

facial expressions is an essential part of these interactions. We hypothesized that 

ASD participants might process facial expressions differently from typically 

developing controls, and the aim of Study I was to evaluate: 

1. Are there valence-associated differences in brain activity during dynamic 

facial expression viewing in ASD? (Study I) 

Instead of the task state, Studies II and III aimed to explore the resting state. Study 

II concentrated on regional brain connectivity in the ASD participants to provide a 

proof of concept about ReHo in this context. 

2. Is regional resting state brain connectivity altered in ASD? (Study II) 

Study III used the co-activation pattern and independent component analysis tools 

to explore changes in dynamic time-varying functional connectivity. 

3. How does ASD alter time-varying co-activation patterns in spontaneously 

active brain networks? (Study III) 
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4 Materials and methods 

4.1 ASD participants 

Thirty high-functioning adolescents with ASD were gathered from two partly 

overlapping studies: a community-based study conducted between 2000–2005 

(Mattila et al., 2007, 2011, 2012), and a clinic-based study conducted in 2003 

(Kuusikko et al., 2008; Mattila et al., 2009; Weiss et al., 2009). The Regional Ethics 

Committee of the Northern Ostrobothnia Hospital District approved the study 

protocols. In accordance with the Helsinki Declaration, written informed consent 

was obtained from all parents in the screening and diagnostic phase of the studies. 

All participants and their parents gave written informed consent prior to the fMRI 

study. 

4.1.1 Diagnosis of ASD in the community-based sample 

The community-based study was divided into a screening and a diagnostic phase. 

In screening, all 8-year-old children born in 1992 and living in the Northern 

Ostrobothnia Hospital District in the autumn of 2000 were chosen to be the target 

population (n = 5,484). The screening instrument was the Autism Spectrum 

Screening Questionnaire (ASSQ) (Ehlers et al., 1999). Parents were asked to 

complete the ASSQ and a developmental questionnaire. Teachers completed the 

ASSQ. Of the 4,422 (participation rate 81%) children with parents’ consent having 

parents’ and/or teachers’ ratings, 125 with a reported full-scale IQ (FSIQ) ≥ 50 were 

invited to further examinations. All 73 screening-positive (parent ASSQ being ≥ 19 

and/or teacher ASSQ being ≥ 22; Ehlers et al., 1999) children were invited, and a 

sample of screening-negative children (n = 52) was selected based on two Swedish 

publications: (1) all who had teacher ASSQ scores of 17–21 (n = 28) (Kadesjö et 

al., 1999), and (2) all who had teacher ASSQ scores of 9–16 and parent ASSQ 

scores of 7–18 (n = 24) (Ehlers et al., 1999). Of the 125 subjects invited, 110 

(participation rate 88%) participated in the diagnostic examinations. 

The diagnostic examinations included the Autism Diagnostic Interview-

Revised (ADI-R) (Lord et al., 1995), the Autism Diagnostic Observation Schedule 

(ADOS; Lord et al., 2000), module 3, the Wechsler Intelligence Scale for Children 

–Third revision (WISC-III) (Wechsler, 1991), a school-day observation, and a 

review of patient records. The ADI-R and ADOS were administered by a 
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pediatrician trained in using the ADI-R and ADOS for research purposes. 

Intelligence quotients were measured by a clinical psychologist and a research 

psychologist using means of the WISC-III. Early development was checked from 

the patient records of Oulu University Hospital in those cases where verification 

was considered to be essential after the ADI-R interviews. School-day observations 

were carried out for 24 participants for whom verification was regarded necessary, 

22 of them completely including observation of the child, and structured (ASSQ) 

and nonstructured teacher interviews. 

After these examinations, 82 of the 110 children remained for the final 

evaluation, including all ASSQ screening-positive (n = 61) and a sample of ASSQ 

screening-negative children (n = 21). Of the ASSQ screening-negative children, 15 

had been scored at or above the thresholds in one or more areas in the ADI-R. At 

the same time, a second opinion was considered necessary regarding six of them, 

who had been scored below the thresholds in all areas in the ADI-R, to ensure 

reliability in diagnosis. The ADI-R and ADOS diagnostic algorithms were not used 

to make diagnostic classifications but to obtain structured information from parents 

and for semi-structured child observation. DSM-IV-TR criteria (American 

Psychiatric Association, 2000) were used in detail to construct clinical consensus 

diagnoses of ASD, based on all information gathered (ASSQs, ADI-R, ADOS tapes, 

WISC-III, school day observations, patient records), between a pediatrician with 

extensive clinical experience of ASD and other developmental disorders, and a 

child psychiatrist with long-term clinical experience of ASD and other psychiatric 

disorders (Mattila et al., 2007, 2011). 

4.1.2 Diagnosis of ASD in the clinic-based sample 

The target population included all registered outpatients with ASD or suspected 

ASD at Oulu University Hospital who had been diagnosed in the child psychiatric 

clinic or the child neurological department supervised by a child psychiatrist or a 

child neurologist. In the autumn of 2002, hospital records were initially evaluated 

for the clinic-based study's genetic part in high-functioning children and 

adolescents with ASD (FSIQ ≥ 80, WISC-III; Weiss et al., 2009). Severe 

developmental disorders (e.g., specific language impairment or Fragile-X 

syndrome) were used as exclusion criteria. Those outpatients who had already been 

diagnosed with ASD in the community-based study (Mattila et al., 2007) were 

removed from the diagnostic confirmation of ASD in the clinic-based study. 
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To define the diagnosis of ASD, the ADI-R and ADOS, module 3, were 

administered by a research psychologist trained in using the ADI-R and ADOS for 

research purposes, and early development in all cases was verified from the patient 

records of Oulu University Hospital. Neither the ADI-R nor ADOS diagnostic 

algorithms were used in the clinic-based study. The definite diagnoses of ASD were 

determined according to DSM-IV-TR in detail by the research psychologist, based 

on all information gathered, including consultation with the pediatrician in the 

cases of participants for whom a second opinion was considered essential. 

4.1.3 Co-occurring conditions and eligibility for fMRI 

To identify co-occurring psychiatric disorders, the participants with ASD and their 

parents were interviewed twice. First in 2005 (Mattila et al., 2010), with an update 

in 2007, using the Schedule for Affective Disorders and Schizophrenia for School-

Age Children (K-SADS-PL) (Kaufman et al., 1997), following DSM-IV-TR 

criteria. The participants with ASD and severe Tourette’s disorder or hyperkinesia 

were excluded because of the potential difficulty of remaining still throughout the 

long 45-min study scan. In addition, the participants with ASD were not allowed to 

have any medications to avoid confounding factors. 

Thirty participants with ASD accepted the invitation to participate in the 

neuroimaging study. One participant with ASD refused to undergo scanning after 

the first visit because of the high noise level. One fMRI dataset was lost due to a 

computer storage error. 

The facial expression task fMRI data of three participants with ASD were 

discarded because of excessive movement, e.g., > 1 mm translational or > 1° 

rotation in any of the planes during neuroimaging. Finally, 25 participants with 

ASD (19 AS and 6 HFA; 8♀, 17♂; mean age 14.8, range 11.7–17.6, SD 1.6; mean 

FSIQ (n = 22) 106.4, SD 17.53, range 76–155) were included in the facial 

expression task fMRI study. The FSIQ of three participants with ASD from the 

clinic-based study was missing. The participants with ASD were predominantly 

right-handed; only three were left-handed. 

The RS-fMRI data from 28 participants (19 AS and 9 HFA; 8♀, 20♂; age 14.6 

± 1.6) was analyzed as described in later chapters. 
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4.2 Control participants 

Thirty age and gender-matched TD controls were recruited in 2006 from 

mainstream schools in Oulu (Jansson-Verkasalo et al., 2005; Kuusikko et al., 2008, 

2009). The TD controls were first screened using the ASSQ to exclude those with 

clinically significant ASD symptoms. Secondly, control participants and their 

parents were interviewed using the K-SADS-PL to exclude those with other 

psychiatric disorders. We did not measure the IQ of the TD adolescents. However, 

they all attended mainstream education, and their mean score for school 

performance was 8.24, a range of 7.00–9.75, on a scale where 4 indicates the lowest 

and 10 is the best possible school performance. 

Two controls were discarded from the study because of high ASSQ scores (>7; 

Ehlers et al., 1999; Mattila et al., 2009). One control participant had orthodontic 

braces that could not be removed, and the resulting imaging artifacts inhibited fMRI. 

Consequently, 27 TD controls (9♀, 18♂, mean age 14.5; range 11.7–17.3, SD 1.5) 

were scanned. The participants in the control group were predominantly right-

handed; only two were left-handed. Handedness was determined through clinical 

observation and participant reports. 

4.3 fMRI data acquisition 

MRI imaging was carried out in 2007 using 1.5 T GE Signa HDx with an eight-

channel parallel imaging head-coil. Before the imaging, all study participants were 

shown an introductory video about fMRI scanning, including preparing a child for 

the procedure. All participants had normal or corrected-to-normal vision with MRI-

compatible plastic spectacles. The hearing was protected using earplugs, and the 

motion was minimized using soft pads fitted over the ears. 

Structural data were acquired using a T1-weighted 3D FSPGR sequence 

covering the whole brain (TR 12.4 ms, TE 5.2 ms, FOV 24 cm × 24 cm, 256 × 256 

matrix with 1 mm oblique axial slices, flip angle 20°) for co-registration of the 

fMRI data to the standard space coordinates. 

Within the MRI session, the RS was scanned before task-fMRI scans. The 

participants were asked to lie still, remain relaxed and awake, and look at a white 

cross in the middle of a dark-gray screen. The 7 min 35 s long RS BOLD fMRI 

scanning consisted of 253 whole brain volumes. The parameters of the GRE EPI 

were: TR 1.8 s, TE 40 ms, flip angle 90°, FOV 25.6 x 25.6 cm, 64 × 64 in-plane 
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matrix, 4 × 4 × 4 mm voxel size, and 28 oblique axial slices with a 0.4 mm gap and 

interleaved acquisition order. 

The facial expression task scanning covered the whole brain with the following 

GRE EPI sequence parameters: TR 3.2 s, TE 45 ms, flip angle 90°, FOV 25.6 x 

25.6 cm, 128 x 128 in-plane matrix, 2 x 2 x 2.9 mm voxel size, 37 oblique slices 

with 0.3 mm gap and 153 volumes. The first three images of GRE EPI sequences 

were excluded because of T1 equilibrium effects. 

Facial expression stimuli 

DFE stimuli (happy and fearful) were selected from the ‘‘Helsinki University of 

Technology (TKK) video sequence collection’’ containing facial expressions of six 

basic emotions recorded using six Finnish student actors. The stimulus preparation 

and evaluation details are in Kätsyri (2006) and Kätsyri & Sams (2008). In short, 

the TKK dynamic facial stimuli were carefully designed to portray facial 

expressions as naturally as possible. The presentations were imaged after thorough 

rehearsal sessions. The most recognizable facial expression videos were selected 

from several video recordings of the actors. The TKK collection was compared 

with Ekman’s Face collection (Ekman & Friesen, 1978) by evaluating overall 

recognition and naturalness measurements. No significant difference was found 

between the recognition of emotions from the TKK and EF collections (Kätsyri, 

2006), suggesting good overall recognition of emotions from the TKK stimuli 

(Kätsyri, 2006; Kätsyri & Sams, 2008). 

The stimuli were presented during fMRI in semi-randomly alternating (4 happy, 

4 fearful) 30-s blocks of 12 × 2.5 s jittered facial expressions. Changing mosaic 

images of the same faces were presented at baseline to remove primary visual 

activation (Rahko et al., 2010). The idea of mosaic images was adopted and 

modified from Sato et al. (2004), see Fig. 4. We initially used dynamic mosaic 

images, but found the flickering of the continuous mosaic video to increase 

participants’ eye blinks and gaze wandering, and thus increase the probability of 

motion artifacts. Therefore, we chose to use stable mosaic images to minimize 

stress on participants with ASD in the challenging fMRI environment. 
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Fig. 4. The stimuli were presented during fMRI in semi-randomly alternating (4 happy, 4 

fearful) 30 s blocks of 12 × 2.5 s jittered facial expressions. Changing mosaic images of 

the same faces were presented as a baseline to remove primary visual activation. This 

idea of mosaic images was adopted and modified from Sato et al. (2004). Reprinted with 

permission of Springer Nature from Study I © 2012 Springer Nature. 

The dynamic part of each facial expression video was jittered and lasted 1.2 ± 0.3 

s (mean ± SD.; range 0.7–1.8 s), and the last frame was shown for 1.5–1 s in such 

a way that the total duration of each stimulus was 2.5 s. Each block of happy 

dynamic expressions consisted of six persons’ dynamic videos randomized two 

times for each actor. In fearful expressions, each block consisted of five persons’ 

dynamic videos randomized two or three times for each actor. The imaging session 

lasted 8 min 10 s (Rahko et al., 2010). 

During fMRI, participants watched the stimuli on a translucent screen through 

a mirror system installed in the head coil. The video projector system was placed 

in the scanner room by incorporating a secondary Faraday cage inside the scanner 

Faraday cage. The participants were asked to lie still, relax, and look at what they 

saw on the screen. 
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Post-scanning behavioral verification tests 

After fMRI scanning, two different methods were used to evaluate how well the 

participants recognized static and dynamic facial expressions. The participants 

were instructed to answer based on their first impression (no limits on the response 

time). The participants chose the correct option from four basic emotions written 

by the computer (anger, fear, happiness, and surprise). The fifth choice was neutral. 

In the dynamic and static tests, the participant's task was to name the videos 

expressing emotions they had seen during fMRI imaging. 

4.4 fMRI data preprocessing and analysis 

4.4.1 General linear modeling (GLM; Study I) 

FSL software versions 3.3 and 4.0 (FMRIB Centre, University of Oxford, 

www.fmrib.ox.ac.uk/fsl) were used to preprocess and analyze the structural and 

functional data. FSL is a comprehensive library of analysis tools for brain fMRI, 

MRI, and diffusion tensor imaging (DTI) data (Jenkinson et al., 2012). FMRIB is 

the Analysis Group at the Oxford Centre for Functional MRI of the Brain. 

Preprocessing and analysis of imaging data 

Brain extraction was carried out as preprocessing for structural data using the Brain 

Extraction Tool (BET) (Smith, 2002). As preprocessing steps for functional data, 

the translational and rotational motion was corrected using MCFLIRT (Jenkinson 

et al., 2002) and skull removal with BET. MCFLIRT is an intra-modal motion 

correction tool. In addition, spatial smoothing using a 5 mm full width at half 

maximum (FWHM) Gaussian kernel, grand-mean intensity normalization of the 

entire 4D dataset by a single multiplicative factor, and high-pass temporal filtering 

(Gaussian-weighted least-squares straight line fitting, with sigma = 90 s) were 

performed. The stimulus paradigms were used as separate happy and fear blocks, 

and data processing was carried out using FEAT (FMRI Expert Analysis Tool) 

version 5.90 (Woolrich, Behrens, & Smith, 2004; Woolrich et al., 2001). Individual 

time-series GLM was carried out using FMRIB’s Improved Linear Model with 

local autocorrelation correction (Woolrich, Behrens, Beckmann, et al., 2004), and 

Z (Gaussianized T/F) statistic images were threshold-adjusted at p = 0.005 

(uncorrected). Registration to high-resolution structural and standard space images 
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(Montreal Neurological Institute [MNI] avg152T1 template included in FSL) was 

carried out using the Linear Image Registration Tool (Jenkinson et al., 2002; 

Jenkinson & Smith, 2001). Higher-level analysis was carried out using FLAME 

(FMRIB’s Local Analysis of Mixed Effects) stage 1 only (Woolrich, Behrens, 

Beckmann, et al., 2004), and Z (Gaussianized T/F) statistic images were threshold-

adjusted using a voxel-level Z-score > 2.3 and a cluster significance threshold of p 

< 0.05 corrected for multiple comparisons (Jenkinson & Smith, 2001). FSL4 

(Harvard-Oxford, Juelich, MNI) and AFNI (Talairach & Tournoux, 1988) atlases 

were utilized to recognize activated areas and differences in activated areas. Motion 

exclusion criteria were > 1 mm translational or > 1° rotation in any of the planes. 

At the individual level, in addition to the happy and fear activation/deactivation 

contrasts, we also modeled direct valence differences (happy > fear and fear > 

happy contrasts). At the group level, in our opinion, the valence difference maps 

between the expressions (happy > fear and fear > happy) show both relative 

activation and deactivation between the groups.  

4.4.2 Regional homogeneity (ReHo; Study II) 

Preprocessing 

Head motion in fMRI data was corrected using multi-resolution rigid body co-

registration of volumes as implemented in FSL 3.3 MCFLIRT software (Jenkinson 

et al., 2002). The default settings were: middle volume as the reference, three-stage 

search (8 mm rough + 4 mm initialized with 8 mm results + 4 mm fine grain 

initialized with previous 4 mm step results) with final trilinear interpolation of 

voxel values and normalized spatial correlation as the optimization cost function. 

Brain extraction was carried out for motion-corrected BOLD volumes with 

optimization of deforming smooth surface model as implemented in FSL 3.3 BET 

software (Smith, 2002) using threshold parameters f = 0.5 and g = 0 and for 3D 

FSPGR volumes using parameters f = 0.25 and g = 0. The BOLD data were 

temporally band-pass filtered (0.01 < f < 0.08 Hz) with AFNI (Cox, 1996) to reduce 

physiological noise (Greicius et al., 2003; Lowe et al., 1998) and to remove any 

linear trend. 

Multi-resolution affine co-registration, as implemented in FSL 4.0 FLIRT 

software (Jenkinson et al., 2002), was used to co-register mean non-smoothed fMRI 

volumes to 3D FSPGR volumes of corresponding participants and 3D FSPGR 
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volumes to an MNI standard structural space template (MNI152_T1_2mm_brain 

included in FSL). Trilinear interpolation was used, the correlation ratio was 

calculated as the optimization cost function, and the search was conducted in the 

full [−π π] rotation parameters range. The resulting transformations and trilinear 

interpolation were used to spatially standardize filtered BOLD volumes to 2 mm 

MNI standard space. 

ReHo analysis 

A within-subject analysis was first performed using the ReHo approach. The 

individual ReHo map was obtained by calculating the KCC in a voxel-by-voxel 

way using the Resting-State fMRI Data Analysis Toolkit (REST) (Song et al., 2011). 

Each individual ReHo map was divided by this subject's global mean KCC value 

within the brain mask. This is a similar standardization procedure to that used in 

PET studies (Raichle et al., 2001). Standardized maps were smoothed with a 

Gaussian kernel (FWHM = 4 mm) for better anatomical comparability of ReHo 

values on the group level. 

To obtain a visual impression of ReHo, one sample t-test (against 1, i.e., the 

global mean KCC value after the standardization procedure) was performed within 

each group (Figures 7 & 8). The differences between ASD subjects and TD controls 

were examined with two sample t-tests (AFNI 3dttest) between the two groups to 

create a group difference map. These statistical maps were then transformed into 

Talairach space (Talairach & Tournoux, 1988) using AFNI hand-landmarking for 

reporting results and for multiple comparison correction. The AFNI Monte Carlo-

simulation program AlphaSim (cluster connection radius 3 mm, individual voxel 

threshold probability 0.01, 1000 iterations) was used to obtain a corrected 

significance level of p < 0.05 for a minimum volume of 50 voxels (400 mm3) in the 

group difference map (Fig. 9) (Cox, 1996). This enabled the identification of 

significant changes in the ReHo of ASD patients compared to the TD controls. 

AFNI 3dclust was used to obtain the clusters' sizes, locations, and their respective 

t-values. Anatomical atlases included in AFNI were used to help locate anatomical 

areas corresponding to clusters (Eickhoff et al., 2007). Statistical maps were 

superimposed on the high-resolution anatomical template available in MRIcro 

(Rorden & Brett, 2000; https://people.cas.sc.edu/rorden/). 
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4.4.3 Co-activation patterns (CAPs; Study III) 

Preprocessing 

For anatomical data, we used FSL-VBM FNIRT to register individual T1 structural 

head volumes and to generate a study-specific template (Andersson et al., 2007; 

Douaud et al., 2007; Good et al., 2001; Smith et al., 2004). The FSL-VBM was 

repeated twice using a new target template from a previous analysis. After skull 

stripping, the FSL's FIRST segmented the structural data into the CSF, WM, and 

GM (Patenaude et al., 2011). 

For the functional data, we ran the AFNI's (Cox, 1996; Cox & Hyde, 1997; 

Gold et al., 1998) "afni_proc.py" program to produce preprocessing pipeline scripts 

adapted according to the program's help page examples 9b and 10 

(https://afni.nimh.nih.gov/pub/dist/doc/program_help/afni_proc.py.html) and 

following the guidelines of Jo et al. (2013). We removed the first three images to 

avoid T1 effects, and computed the outlier fractions for each volume. Motion 

correction was applied to align the volumes with the average time series, and the 

skull was stripped. Exploiting the results of our earlier FSL-VBM procedure and 

the study-specific average template, we applied a non-linear transformation to 

functional data. The final functional volume size was 42 x 52 x 43 voxels, 

consisting of 4 x 4 x 4 mm voxels. 

After these steps, we interrupted the AFNI pipeline and ran the independent 

component (IC) analysis-based automatic removal of motion artifacts (ICA-

AROMA) for the functional data at the individual level. After inspecting the 

preliminary results, we prepared custom brain edge and CSF masks fitted for our 

study-specific adolescent brain template. We inspected the ICA-AROMA results to 

exclude sporadic RSN removals. Additional ICs were removed if the IC's temporal 

waveform was monotonously serrated or dominated by high amplitude spikes, or 

if the spatial distribution represented other scanner noises such as random speckles, 

or represented mainly WM, arteries, vena sinuses or edge areas (Griffanti et al., 

2017). The excluded ICs were spatially cross-correlated with the FSL's fslcc among 

the participants and group-level ICs to keep the removal process systematic. The 

median number of ICs left after removal was 14.5 in the ASD and 13 in the TD 

group (Wilcoxon rank-sum test p-value ≈ 0.41). The nonaggressive option was 

implemented in the participant-wise removal of artifact components (Pruim, 

Mennes, Buitelaar, et al., 2015; Pruim, Mennes, van Rooij, et al., 2015). 
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After ICA-AROMA, the AFNI pipeline continued with despiking. The 

volumes with a framewise displacement of > 0.2 mm were labeled for censoring. 

We calculated individual volume signal levels from the unprocessed fMRI data 

using the standardized version of the DVARS-script (Nichols, 2013) and tagged the 

volumes with a normalized signal level of over 1.29 (outlying 10% of expected SD) 

for censoring (Aurich et al., 2015; Power et al., 2014, 2015). On average 13.2% 

(min. 0%, max. 45.6%) of the time series were censored. The shortest time left was 

4 minutes and 5 seconds, which was still considered adequate (White et al., 2014). 

After censoring, 13 750 volumes were reduced to 11 930: the TD participants had 

an average of 223 volumes, and the ASD participants had 210 volumes left 

(Wilcoxon rank-sum p-value ≈ 0.34). 

We extracted the Region of interest (ROI) time series regressor from the once-

eroded CSF mask. Although global signal regression (GSR) is one of the most 

efficient eliminators of motion-induced artifacts (Power et al., 2014), it may 

remove the signal of interest and introduce artificial anti-correlations between 

regions (M. D. Fox et al., 2009; Gotts et al., 2013; Murphy & Fox, 2017). We were 

interested in the spatial similarity of the volumes (discussed later in the text) and 

thus did not regress the global signal. We performed spatial smoothing with an 8 

mm (~ 2 voxels) FWHM kernel (Z. Chen & Calhoun, 2018) and calculated high-

pass temporal filtering regressors for frequencies of < 0.005 Hz. Legendre 

polynomials of the fourth order were used to model slow baseline fluctuations (i.e., 

removal of trends). They were combined with censoring, temporal filtering, motion, 

CSF, and local WM (ANATICOR) regressors into a regression matrix with AFNI 

3dDeconvolve. The regression matrix was then projected out of the smoothed data 

in one step, using the AFNI 3dTproject to remove any possible residual noise left 

in the data after the earlier application of ICA-AROMA (Jo et al., 2010, 2013). 

Group independent component analysis (GICA) 

We created uncensored, but otherwise similarly preprocessed datasets with FSL 

MELODIC multi-session temporal concatenation analysis (Beckmann et al., 2005; 

Beckmann & Smith, 2004; Jenkinson et al., 2012) and estimated 14 group-level 

ICs. When interpreting the CAP results, these were used as masks and a simple 

atlas to label brain areas inside CAPs. As stated earlier, we chose the low-

dimensional approach for the sake of pragmatic visual pattern analysis, but still 

covered major networks in line with earlier studies (Castellazzi et al., 2014; Smith 

et al., 2009; Starck et al., 2013; Thornburgh et al., 2017; Yeo et al., 2011, 2015). 
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Hierarchical clustering and extraction of CAPs 

The preprocessing continued in MATLAB® (MathWorks®, 2016; Shen, 2014). The 

fMRI signal was temporally normalized voxel-wise for each participant by 

subtracting the mean and then dividing by the temporal SD (X. Liu et al., 2018). 

The individual datasets were masked using combined GICA components and GM 

voxels (Fig. 3). These volumes and masks were later used with FSL randomise. 

The volumes were reshaped, concatenated, and the resulting data matrix was 

transferred to the R environment (Bengtsson, 2016; R Core Team, 2017). We 

applied clustering to all the BOLD fMRI volumes acquired from the 55 participants 

that had survived censoring. As mentioned earlier, the volumes are described by 

their voxels' signal amplitudes, and their relation to other volumes must be defined 

via a suitable function. Here, individual volumes were represented as 29 684-

dimensional vectors, and a matrix containing the pairwise cosine similarity among 

all the 11 930 vectors was calculated. 

As we were interested in the spatial similarity of the volumes and the 

corresponding "directionality" of the voxels' signals (above or below average) 

rather than their absolute amplitude strength, we chose to use the cosine similarity, 

which is invariant to the scaling of the data. In other words, by excluding anti-

correlated patterns, we tried to prevent spatially similar patterns in different phases 

and with different signal amplitudes from going into different clusters. The Pearson 

correlation coefficient and cosine similarity are related measures, but the Pearson 

correlation is also invariant to adding any constant to all data elements, which we 

considered to possibly have a GSR type of effect on clustering (Manning et al., 

2008; Murtagh & Contreras, 2011; Singhal, 2001). 

A cosine similarity matrix was converted to a distance matrix, as we performed 

hierarchical clustering (Murtagh & Contreras, 2011; Murtagh & Legendre, 2014) 

implemented as the hclust-function (method = "ward.D2") in the fastcluster R-

package (Müllner, 2013). The results from 30 to 2 clusters (in total, 58 clusters or 

CAPs) were evaluated. We aggregated the fMRI volumes assigned to each cluster. 

The mean image of such a cluster's volumes provided an overall view of the 

resulting CAP and were then normalized by the standard error (within-cluster and 

across fMRI volumes) to generate z-statistic maps, which quantify the degree of 

significance to which the CAP map values for each voxel deviate from zero (Liu et 

al., 2013, 2018). 
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Group comparison t-tests 

The 11 930 RS-fMRI volumes concatenated into one file were input for randomise, 

a nonparametric permutation inference tool in FSL (M. J. Anderson & Robinson, 

2001; Nichols & Holmes, 2002; Winkler et al., 2014). The voxel-wise differences 

between the ASD and TD groups were assessed for each CAP using two-sample 

unpaired t-tests (10 000 permutations). The design matrix for each hierarchy level 

included all the volumes as rows and all the clusters, that is, CAPs existing at that 

level of the hierarchy, as columns, with separate columns for the TD and ASD 

participants. We created within-group and between-group contrast files for the 

CAPs and used participant-wise exchangeability block labels. The resulting 

Threshold-Free Cluster Enhancement (TFCE) uncorrected p-value maps were 

merged, and the false discovery rate (FDR) corrected across all the contrasts as 

implemented in FSL's fdr tool (q = 0.05), which gave a p-value threshold of 0.004, 

corrected for two-tailed results at p < 0.002 (M. J. Anderson & Robinson, 2001; 

Benjamini & Hochberg, 1995; Genovese et al., 2002). We used MRIcron (Rorden 

& Brett, 2000) and R packages ape (Paradis & Schliep, 2018), dendextend (Galili, 

2015), dendsort (Sakai et al., 2014), dplyr (Wickham et al., 2020), ggtree (Yu et al., 

2017), ggplot2 (Wickham, 2016), gplots (Warnes et al., 2020), plyr (Wickham, 

2011) and RColorBrewer (Neuwirth, 2014) to aid data visualization. 
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5 Results 

5.1 Task state fMRI 

In the post-scanning behavioral verification tests, there were no significant group 

differences in dynamic (t = -0.93, p = 0.36, df 50) or static facial stimuli (t = -1.39, 

p = 0.17, df 50). Static expressions were recognized by 81.20% of the participants 

with ASD and 85.80% of the TD controls. Dynamic expressions were recognized 

by 87.50% of the participants with ASD and 93.75% of the TD controls. Although 

the groups did not differ in expression recognition, DFEs were more recognizable 

than static expressions. There were no gender differences in the naming of dynamic 

(p = 0.81) or static (p = 0.22) emotions depicting prototypical expressions of 

happiness and fear. 

5.1.1 Dynamic facial expressions (DFEs): Fear and happiness 

DFE stimuli activated many brain areas in both groups compared to alternating 

mosaic images reconstructed from the dynamic facial video images. Importantly, 

limbic regions such as the (bilateral) Amy, hippocampi (DMN-V), thalami, and 

medial parts of the lentiform nuclei were strongly activated in both groups during 

the viewing of happy stimuli (Fig. 5). Cortical areas such as the occipitotemporal 

V2 (Visual Med) and V5 (DAN) regions and FFA were also strongly activated in 

both groups. Activation was dominant in the right hemisphere in a large cluster 

extending from the inferior to the medial frontal gyrus (MFG) and V5 in angular 

and opercular gyri in both groups (Figures 5 & 6; Tables 1 & 2). 
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Fig. 5. Significant group activations (warm colors), deactivations (cold colors), and the 
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between-group differences (green, ASD > TD) during the viewing of dynamic, happy 

expressions. The visual V5 area in the left occipital cortex was more activated in 

participants with ASD than in TD controls. When viewing happy facial expressions, 

participants with ASD showed reduced deactivation compared to TD controls. Voxel 

levels were threshold-adjusted using a Z-score of > 2.3, a cluster level of p < 0.05 

(corrected), and the MNI coordinates are shown on the right. Abbreviations ACG 

anterior cingulate gyrus, FP frontal pole, IFG inferior frontal gyrus, INS insula, MFG 

medial frontal gyrus, MTG middle temporal gyrus, PCG paracingulate gyrus, PM 

putamen, PP planum polare, S2 secondary somatosensory, SFG superior frontal gyrus, 

SMG supramarginal gyrus, STG superior temporal gyrus, TP temporal pole. Reprinted 

with permission of Springer Nature from Study I © 2012 Springer Nature. 

Differences between groups during happy expressions 

Activation (stimulus > mosaic) 

Activation was the dominant source of difference between the groups. During 

dynamic, happy expressions, participants with ASD had stronger activity in cortical 

and subcortical structures, resulting in a large putamen-insula difference cluster in 

the right hemisphere between the groups. In the left hemisphere, only an insular 

difference was observed. Frontal poles at the MFG (salience/VAN-A) were 

symmetrically more activated in the ASD group. The superior temporal gyrus (STG) 

on the right (motor) and the primary somatosensory area on the left were more 

activated in participants with ASD compared with the TD controls. Notably, other 

structures linked to expression identification, such as the Amy, thalamus, and FFA 

(Adolphs, 2002), did not show significant differences, even though these areas were 

strongly activated in both groups. The temporal pole (TP; medial part – DMN-A; 

posterior – FPC R/L) and PMC BA6 were also more active in participants with 

ASD. The visual V5 area in the left occipital cortex was more activated in 

participants with ASD compared with the TD controls (Fig. 5, Table 1). 

Deactivation (mosaic > stimulus) 

Participants with ASD showed reduced deactivation compared with the TD controls 

when viewing happy facial expressions (Fig. 5, Table 1). The ASD group showed 

deactivation only in visual cortex V1 and right temporal FFA, while the controls 

showed deactivation in various regions. The largest differential cluster of 

deactivation between groups was found in the left temporal lobe primary auditory 
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(A1) and secondary somatosensory (S2) areas extending to the planum temporale. 

This area was uniformly deactivated in the controls, while deactivation was absent 

in participants with ASD. The controls also showed more deactivation in the right 

opercular cortex. The difference between the groups in this left temporal lobe was 

particularly complex: the anterior (IFG) and posterior (parietal opercular cortex 

[POC]) part of the difference cluster showed more activation in the ASD group. At 

the same time, in the middle, the A1 region completely lacked deactivation in the 

ASD group. 

Table 1. The twenty most significant differences in ASD vs. TD during facial expressions 

(Study I). Each entry specifies an anatomical brain area and its corresponding coverage 

of RSNs. Modified from Study I. 

Hem Areas // RSNs (highlighted RSN includes MI) Volume Mean MI MI X MI Y MI Z 

L BA21, Planum polare // 3122 2.77 4.27 -40 -12 -14 

 Auditory/VAN-P, 5% (881); Motor, 4% (992); 

DMN/Language, 2% (423); Somatosensory, 1% 

(261); Salience/VAN-A, 1% (278); FPC L, 1% (181); 

DMN-A, 0% (51); Visual Med, 0% (6) 

R Putamen // 1802 2.75 4.17 24 16 -6 

 Motor, 3% (731); Auditory/VAN-P, 3% (626); 

Salience/VAN-A, 2% (397); Somatosensory, 1% 

(114); DMN-A, 0% (45); FPC R, 0% (25); 

DMN/Language, 0% (9); FPC L, 0% (2); DAN, 0% (1)  

L Frontal pole, MFG // 1645 2.77 5.59 -42 42 24 

 Salience/VAN-A, 5% (954); DMN-A, 2% (253); 

DMN/Language, 1% (163); Motor, 0% (71); FPC R, 

0% (125); FPC L, 0% (60/17144); Somatosensory, 

0% (21) 

R Frontal pole // 1491 2.79 4.57 40 48 26 

 FPC R, 4% (1041); Salience/VAN-A, 2% (349); 

Auditory/VAN-P, 0% (91); DMN/Language, 0% (19); 

FPC L, 0% (3); DMN-A, 0% (8) 

L V5, BA37 // 781 2.72 3.70 -50 -68 8 

 FPC L, 2% (281); DAN, 1% (79); Auditory/VAN-P, 1% 

(235); Somatosensory, 0% (74); DMN/Language, 

0% (57); DMN-V, 0% (5); Visual Up Med, 0% (1) 

L SG, ant division // 430 2.61 3.68 -58 -36 46 

 Somatosensory, 2% (377); Motor, 0% (73); FPC L, 

0% (11); Auditory/VAN-P, 0% (5) 

R S2 per operculum // Somatosensory 90 2.69 3.69 50 0 12 

L MTG // DMN/Language 69 2.68 3.41 -54 6 -28 
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Hem Areas // RSNs (highlighted RSN includes MI) Volume Mean MI MI X MI Y MI Z 

R IPL PFR // Auditory/VAN-P 37 2.48 2.82 66 -36 14 

L PMC BA6L // Motor 33 2.56 3.04 -46 -8 58 

R Frontal Pole // FPC R 17 2.52 2.73 28 64 12 

L ITG, ant division // DMN/Language 10 2.46 2.66 -50 -2 -36 

R TP // DMN-A 9 2.41 2.53 36 10 -22 

L STG, post division, TL // DMN/Language 9 2.45 2.64 -58 -16 -8 

L Putamen // Motor 6 2.58 2.87 -28 -18 0 

R Primary somatosensory cortex BA1 // Motor 6 2.48 2.78 66 0 20 

L ITG // FPC L 3 2.54 2.67 -56 -54 -22 

R Secondary somatosensory cortex // Motor 3 2.50 2.74 68 -6 22 

R Frontal pole // FPC R 2 2.34 2.36 46 52 8 

R IFG, pars opercularis // Auditory/VAN-P 2 2.37 2.40 54 12 12 

All areas of difference (9590 voxels): Salience/VAN-A, 10% (1978/20184); Auditory/VAN-P, 10% 

(1838/18848); Motor, 8% (1867/23984); Somatosensory, 4% (847/21728); FPC R, 4% (1191/27224); 

DMN/Language, 4% (671/18072); FPC L, 3% (538/17144); DMN-A, 2% (357/15608); DAN, 1% 

(80/14152); Visual Med, 0% (6/19000); Visual Up Med, 0% (1/9200); DMN-V, 0% (5/12648). 

 

Abbreviations: Hem hemisphere, Volume number of voxels (2x2x2 mm3), Mean mean t-score value for 

the volume cluster, Med medial, MI maximum t-score intensity, BA Brodmann area, DMN default mode 

network, FPC frontoparietal cognitive control, IFG inferior frontal gyrus, IPL inferior parietal lobule, ITG 

inferior temporal gyrus, Lat lateral, MTG middle temporal gyrus, STG superior temporal gyrus, TP 

temporal pole, TL temporal lobe, Up upper, PMC premotor cortex, PT planum temporale, RSN resting 

state network, VAN ventral attention network, -A anterior, L left, -P posterior, R right, -V ventral. 

Highlighted RSN includes MI voxel. 

Differences between the groups during fearful expressions 

While there were many significant differences as regards happy facial expressions 

between the participants with ASD and the TD controls, there were no group brain 

activation (stimulus > mosaic) differences for fearful facial expression stimuli 

(Table 2). The only significant difference between the groups regarding fearful 

stimuli was that participants with ASD showed more deactivation (mosaic > 

stimulus) in the right visual cortex, V2 BA18 (Fig. 6, Table 2). 
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Fig. 6. Differences between the groups during fearful expressions. The only significant 
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difference between the groups regarding fearful stimuli was that participants with ASD 

showed more deactivation (mosaic > dynamic facial expression) in the right visual 

cortex, V2 BA18. Voxel levels were threshold-adjusted using a Z-score of > 2.3, a cluster 

level of p < 0.05 (corrected), and the MNI coordinates are shown on the right. Reprinted 

with permission of Springer Nature from Study I © 2012 Springer Nature. 

Table 2. Fearful expressions ASD vs. TD controls (Study I). Modified from Study I. 

Hem Areas // RSNs Volume Mean MI MI X MI Y MI Z 

R Lingual Gyrus V3 // Visual Med, 3% (524/19000), FPC L 

0% (1/17144) 

525 2.59 3.53 18 -76 -4 

R Area VI // Motor, 0% (10/23984) 10 2.61 2.97 12 -66 -16 

Abbreviations: Hem hemisphere, Volume number of voxels (2x2x2 mm3), Mean mean value for the 

volume cluster, MI maximum Intensity, RSN resting state network. Highlighted RSN includes MI voxel. 

Differences between the groups by valence (happy versus fearful 

expression) 

The differences between valences originate from the differences in more robust 

activation and reduced deactivation of positive valence in the ASD group compared 

to TD controls. The participants with ASD showed significantly altered differences 

between valences in the bilateral temporal and parietal regions compared to the 

controls in valence-contrasted results. Symmetric differences between participants 

with ASD and the TD controls extended as a continuous cluster from IPLs along 

the fissura Sylvi all the way to TPs (Table 3). 

Table 3. The ten most extensive areas of differences between the groups by valence 

happy versus fear (Study I). Modified from Study I.  

Hem Areas // MI RSN Volume Mean MI MI X MI Y MI Z 

L Insular cortex // Auditory/VAN-P 2199 2.73 4.36 -36 4 8 

R STG, post division // Motor 1930 2.78 4.44 66 -10 0 

R S1, BA3 // Motor 109 2.58 3.32 62 -10 28 

L Frontal pole // FPC L 72 2.81 3.98 -48 42 0 

L FOC, Insula // Auditory/VAN-P 14 2.42 2.64 -36 26 -6 

R S1 // Motor 9 2.43 2.67 64 -12 32 

R PG, Broca’s area BA44 // FPC R 6 2.35 2.42 56 14 36 

L Frontal operculum cortex // Salience/VAN-A 4 2.44 2.52 -42 10 8 

L IFG, Broca’s BA44 // Auditory/VAN-P 2 2.43 2.50 -56 28 0 

L SMG, ant division // Auditory/VAN-P 2 2.48 2.55 -62 -40 42 
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Hem Areas // MI RSN Volume Mean MI MI X MI Y MI Z 

All areas of difference (4365 voxels): Auditory/VAN-P, 7% (1396/18848); Motor, 6% (1325/23984); 

Somatosensory, 5% (1111/21728); Salience/VAN-A, 1% (199/20184); FPC L, 1% (128/17144); 

DMN/Language, 0% (70/18072); DAN, 0% (54/14152); FPC R, 0% (31/27224) 

 

Abbreviations: Hem hemisphere, Volume number of voxels (2x2x2 mm3), Mean mean value for the 

volume cluster, MI maximum Intensity, BA Brodmann area, FOC frontal orbital cortex, IFG inferior frontal 

gyrus, PG precentral gyrus, S1 primary somatosensory cortex, SMG supramarginal gyrus, STG superior 

temporal gyrus, RSN resting state network. Highlighted RSN includes MI voxel.   

The insula (INS; salience/VAN-A) also showed bilateral differences between the 

groups with the left-side-dominance. The left hemisphere showed additional 

differences between the two groups in IFG and Broca’s area BA 45. The right-side 

showed dominant differences between groups in valence-contrasted images in the 

superior parietal lobule (somatosensory) and precentral gyrus (FPC L) (Fig. 7). 

 



85 

Fig. 7. Differences between the groups by the valence of facial expression (happy vs. 
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fearful expression, ASD > TD). Significant differences were found while viewing fearful 

expressions (green in right panels). The participants with ASD showed significantly 

altered difference between valences in bilateral temporal and parietal regions compared 

to the TD controls in valence contrasted results. Voxel levels were threshold-adjusted 

using a Z-score of > 2.3, a cluster-level of p < 0.05 (corrected), and the MNI coordinates 

were shown on the right. Abbreviations: PT planum temporale, PMC premotor cortex, 

primary (S1) and secondary (S2) somatosensory cortex, SMG supramarginal gyrus, 

STG superior temporal gyrus, TP temporal pole. Reprinted with permission of Springer 

Nature from Study I © 2012 Springer Nature. 

5.2 Resting state fMRI 

5.2.1 Static local functional connectivity: ReHo analysis 

The visual impression of ReHo in the TD and ASD participants is shown in Figures 

1 and 8. 

The between-group difference is visualized in Figure 9. In comparison with the 

TD controls, the participants with ASD displayed significantly decreased ReHo in 

the right STS region (Figure 9. e, h), right IFG, and middle frontal gyri (MidFG) 

(c, e), bilateral cerebellar crus I (a, b, c, i), right insula (c, e) and right postcentral 

gyrus (c, g). Significantly increased ReHo was discovered in the right thalamus, 

mainly in its ventral posterolateral nucleus (VPL), but extending to the lateral 

geniculum body (Figure 9. e, g). Significantly increased ReHo was also discovered 

in the left IFG and anterior subcallosal gyrus (Figure 9. d) and bilateral cerebellar 

lobule VIII (Figure 9. a, f, i). Significantly increased ReHo in clusters, including 

both GM and WM, was also detected. Left cerebral hemisphere clusters included 

inferior occipital gyrus (IOG), MOG, SOG, and FFG with optic radiation (OR), but 

also the MCC with corpus callosum (CC) (Figure 9. d, e, f, i). In the right 

hemisphere, increased ReHo in OR with the MTG was found (Figure 9. e, i). By 

adding up the GM ReHo clusters (Table 1), the right-side changes totalled 6160 

voxels and the left-side 1584. When WM and GM areas were included, the voxels 

for the right-side added up to 9128 and left to 5048. 
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Fig. 8. Results of resting state regional homogeneity (ReHo) shown as Kendall’s 

coefficient of concordance (KCC) map across ASD participants (one-sample t-test; p < 

0.01, corrected for the minimum volume of 456 mm3). The image's left-side corresponds 

to the brain's right-side. Z-coordinates, according to Talairach space, are shown in the 

upper left corner of the slices. Reprinted with permission of Elsevier from Study II © 

2010 Elsevier. 
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Fig. 9. T-statistical difference map between ASD participants and TD controls (p < 0.05, 

corrected). Warm and cold colors indicate ASD-related ReHo increases and decreases, 

respectively. The left-side of the image corresponds to the right-side of the brain in axial 

(a, b, d, e) and coronal (g, h, i) slices. Slice coordinates according to Talairach space 

are shown in the upper right corner of the slices, indicating Z-axis in axial, X-axis in 

sagittal, and Y-axis in coronal slices. Reprinted with permission of Elsevier from Study 

II © 2010 Elsevier. 
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5.2.2 Time-varying functional connectivity 

GICA results 

We interpreted the 14 group-level ICs to represent different brain networks as 

follows (Figures 3 & 10). The mainly occipital visual networks were divided into 

three subnetworks or nodes. 1) The visual medial node. 2) The visual upper medial 

node. 3) The visual lateral nodes. Hierarchical clustering positioned both medial 

nodes in the subhierarchy with the DAN, which with this low ICA model order, 

included extrastriate visual areas. The visual lateral network is positioned along the 

subhierarchy with the auditory and posterior ventral attention networks (VAN-P) 

and the salience and anterior ventral attention networks (VAN-A). 

The pericentral network divided into somatosensory and motor subnetworks. 

The DMN is divided into four subnetworks: 1) Anterior (DMN-A) in the mPFC. 2) 

Dorsal (DMN-D) with central bilateral PCC and precuneus nodes. 3) Ventral 

(DMN-V) consisting of retrosplenial, bilateral hippocampi (middle temporal gyri), 

and parietal nodes (angular gyri). 4) Temporoparietal nodes emphasizing the left-

side (language). 

The EF networks divided into four clusters that were left and right 

frontoparietal cognitive control networks (our FPC L/R), dorsomedial 

frontoparietal network, i.e., anterior control network (our Salience/VAN-A), and 

dorsal frontoparietal network, i.e., our DAN (Witt et al., 2021). Comparing our 

results to Witt et al. (2021; their Fig. 4: green dM-FPN) we can see that parts of the 

Salience/VAN-A and the DMN may share common task-dependent subnetwork 

nodes. 
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Fig. 10. Mean voxel-wise z-scores by resting state networks (as in Fig. 3) for each CAP. 
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On the X and Y axes, the grouping of the brain areas was determined by the hierarchical 

clustering (cosine distance, Ward’s method) of only this particular z-score matrix. On 

the X axis, the CAP label colors correspond to the “DMN-negative / task-positive" (blue 

labels, DMN-CAPs) and "DMN-positive" (red labels, DMN+CAPs) grouping of CAPs, with 

a black line separating them. Network abbreviations: DAN = dorsal attention; Visual Med, 

Up Med, Lat = visual medial, upper medial, lateral; VAN-P/-A = ventral attention 

posterior/anterior; DMN-V/-D/-A = default mode ventral/dorsal/anterior, FPC L/R = 

frontoparietal cognitive control left/right. Views: DAN, Visual (3D elevated occipital), 

Somatosensory, Motor, DMN-A (3D above), Auditory, Salience, VAN, FPC R (3D right 

lateral), DMN-V, -D (axial slice above), DMN/Language, FPC L (3D left lateral). Reprinted 

under CC BY 4.0 license from Study III © 2021 The Authors. 

CAP results 

The median number of fMRI volumes assigned to each CAP from either the ASD 

or the TD participants’ data were calculated with bootstrapped confidence intervals 

(95%, 10 000 resamples), which were overlapping (Fig. 11). The Mann-Whitney 

test p-value was < 0.05 in seven CAPs but became nonsignificant after FDR 

correction. Thus, we found no reliable ASD- or TD-specific CAPs within the 

cluster levels used in our study (from 2 to 30). The number of volumes in each CAP 

(Figures S1a–b) and the images of each CAP (Figures S2a–i), and when found, 

their group activation differences (Figures S2a–i), are visualized in the Supporting 

Information S1 of Study III (https://onlinelibrary.wiley.com/doi/full/ 

10.1002/brb3.2174). 
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Fig. 11. The median number of fMRI volumes per participant in CAPs with confidence 

intervals and outlier dots. The outliers may reflect individual differences in time spent 

in default mode-positive or task-positive brain states. As described earlier, on average, 

participant-wise, censoring excluded 13 volumes more from the ASD data than from the 

TD data. [Under CC BY 4.0 license from Study III. Paakki J-J, Rahko JS, Kotila A, et al. 

Co-activation pattern alterations in autism spectrum disorder–A volume-wise 

hierarchical clustering fMRI study. Brain Behav. 2021;11:e02174. © 2021 The Authors] 

The clustering of the whole RS-fMRI data reveals a familiar-looking division into 

two main cluster groups. At the highest level of the cladogram (Fig. 2), that is, the 

first level of branching, there are only two CAPs, and each fMRI volume belongs 

to one or the other. The first CAP (02-01, 39% of the 11 930 volumes) resembles a 

task-positive ICN as its fMRI volumes contain below-average values in the lateral 

visual, default mode, language, and FPC networks but above-average values in the 

DAN, medial visual, somatosensory, motor, auditory, salience, and VAN networks. 

Compared to the first CAP, the second CAP (02-02, 61% of the volumes) shows a 

reversal in the activity patterns with above-average values in the DMN and 

corresponding opposite values in other networks embodying task-negative or rather 

default mode-positive ICN features. 
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Both DMN-positive and DMN-negative (or task-positive) CAPs divide into 

sub-hierarchies and smaller CAPs (Fig. 2), which are distinguished from each other 

by different areal average values (also referred to here as activation when above 

average and deactivation when below average) in ICA-based RSNs (Fig. 3). This 

is also depicted in the heatmap of Figure 10 which illustrates the average z-score 

values of our study-specific RSN parcellations in different CAPs. The hierarchical 

clustering of this heatmap's rows and columns groups the different RSNs and CAPs 

by their features, respectively. This kind of review is modest in spatial accuracy but 

facilitates pattern recognition in group-level activation differences. The most 

apparent patterns are reported in the following paragraphs. 

When the CAPs in Figure 2 are transformed into the heatmap of Figure 10, one 

can roughly detect four panels. Firstly, the DMN, language, and FPC networks 

exhibit mainly negative z-scores (interpreted here as network deactivation) during 

the default mode-negative CAPs (DMN-CAPs) and form the bluish-colored lower 

panel on the left. In contrast, the DAN and all the sensory, motor, salience and VAN 

networks mostly exhibit red-colored positive z-scores (interpreted here as task-

positive network activation) and form the reddish left upper panel of the DMN-

CAPs. 

However, during the DMN-positive CAPs (DMN+CAPs) on the right, the 

DMN, language, and FPC networks predominantly exhibit positive z-scores and 

form the reddish right lower panel. Fourthly, the right upper panel of the 

DMN+CAPs consists mainly of blue-colored negative z-scores, excluding a few 

CAPs with activation among the auditory, visual, salience, and VAN networks. 

Due to z-score averaging (of RSNs in the heatmap), the nuances of the CAPs 

are lost in the heatmap, and a few seemingly similar CAPs co-exist on both the left 

and right. Notably, some CAPs also show only activation or deactivation over all 

the RSNs, i.e., negative blue or positive red vertical stripes over the whole brain 

cortex matrix (Figures 10, 14 & 15). 
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Fig. 12. Percentages of TD > ASD brain areas in CAPs. See legend of Figure 13. 



 

97 

Fig. 13. Percentages of ASD > TD brain areas in CAPs. In Figure 13 the ASD and in 
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Figure 12 the TD group have significantly greater voxel-wise z-score values than the 

other group. The results are shown at q = 0.05 false discovery rate (FDR) corrected. An 

arbitrary threshold of the highest decile is applied to the cell background coloring (blue 

rectangles for TD, red for ASD) as a highlighting, where cluster areas comprise at least 

19% of the corresponding IC areas. The order and origin of the X and Y axis labels are 

identical to those in Figure 10. Reprinted under CC BY 4.0 license from Study III © 2021 

The Authors. 
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Fig. 14. Combination of Figures 10 and 12. See Legend of Figure 15. 
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Fig. 15. Combination of Figures 10 and 13. Largest clusters (highest decile) of TD (Fig. 
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14) and ASD (Fig. 15) group-related CAP activity in resting state networks. The TD 

group-related activity is marked by the letter “T” (Fig. 14), and the ASD group-related 

activity by “A” (Fig. 15) over the color-coded average z-scores of the same heatmap as 

those in Figure 10. Reprinted under CC BY 4.0 license from Study III © 2021 The Authors. 

The areas in the CAPs where the TD or ASD group has significantly greater 

activation than the other group are shown as a percentage of the corresponding RSN 

volume in Figures 12 and 13. The highlighted highest deciles of these results are 

projected on the earlier CAP heatmap (Fig. 10). This combination in Figures 14 and 

15 finds the RSNs in the CAPs that exhibit the largest simultaneous group-related 

activations. The twenty largest between-group differences in CAPs are listed in 

Table 1. Additional descriptive figures (S1a–b, S2a–i) and detailed results in Table 

S1 can be found in Supporting Information S1 and S2 of Study III. 

When inspecting Figure 10 through the four-panel approach described earlier, 

one can see that most of the largest TD group-related activations fall within the 

task-related networks in the upper left panel during the DMN-CAPs. In contrast, 

during the DMN+CAPs, the TD group-related activations are primarily within the 

DMN and the language and VAN networks. 

The TD group-related FPC activation was left-dominant during the DMN-

CAPs and right-dominant during the DMN+CAPs. The left FPC was activated 

while the task-related networks were also activated, and seemed to associate with 

the salience and VAN-A control networks in particular, but also with the auditory, 

somatosensory, and DAN networks. Right FPC activation related to the DMN and 

language networks. 

The earlier four-panel approach generally showed more incoherently 

highlighted patterns during the ASD group-related activations than the TD group-

related ones (Figures 12–15). The FPC activations in the ASD group did not 

demonstrate clear-cut sidedness related to the DMN-negative or DMN-positive 

CAPs. However, there were some repeating overactivation patterns. The DAN 

associated with visual networks. If the visual network was overactive but not 

concurrent with the DAN, it associated, in turn, with the DMN. In the TD group, 

the DAN overactivation was also related to other task-positive networks in a more 

balanced way. It also seems the ASD group did not quite reach as strong 

deactivations as the TD group (Figures 14 & 15). ASD group-related 

overactivations were found, especially in the DAN, visual and auditory networks, 

and the DMN. In the 06-06 CAP, which deactivated all 14 RSNs, the ASD group 

showed a considerably reduced deactivation pattern in nearly all (12/14) RSNs. 
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, 

1
4
%

 (
2
5
4
/1

7
6
9
);

 F
P

C
 L

, 
1

1
%

 (
2

2
6
/2

1
4
3
);

 D
M

N
-A

, 

1
1
%

 (
2
0
8
/1

9
5
1
);

 M
o
to

r,
 1

0
%

 (
3
0
5
/2

9
9
8
);

 D
M

N
-V

, 
1
0

%
 (

1
5
8
/1

5
8

1
);

 V
is

u
a
l U

p
 M

e
d
, 

7
%

 (
7

7
/1

1
5
0
);

 S
o
m

a
to

se
n
so

ry
, 
6

%
 

(1
5
1
/2

7
1
6
);

 D
M

N
-D

, 
5

%
 (

4
6
/9

2
6
);

  

1
2
-0

2
 T

D
>

A
S

D
 

5
1
2
6

 
8
 

D
M

N
/L

a
n
g

u
a
g
e
, 
3

9
%

 (
8
7
5
/2

2
5
9
);

 S
a

lie
n
ce

/V
A

N
-A

, 
2
8

%
 (

6
9
9
/2

5
2

3
);

 D
M

N
-A

, 
2
3

%
 (

4
5
5
/1

9
5
1
);

 A
u
d
ito

ry
/V

A
N

-P
, 
2
1

%
 

(4
8
4
/2

3
5
6
);

 D
M

N
-V

, 
1
9

%
 (

2
9
4
/1

5
8

1
);

 D
M

N
-D

, 
1
8

%
 (

1
6

6
/9

2
6
);

 F
P

C
 R

, 
1
6

%
 (

5
4
5
/3

4
0

3
);

 V
is

u
a
l M

e
d
, 
1
5

%
 (

3
6

3
/2

3
7
5
);

 

V
is

u
a

l L
a
t,
 1

4
%

 (
2

1
7
/1

5
1
8
);

 F
P

C
 L

, 
1
2
%

 (
2
5
7
/2

1
4
3
);

 V
is

u
a
l U

p
 M

e
d
, 

1
1

%
 (

1
2
4
/1

1
5

0
);

 M
o
to

r,
 1

1
%

 (
3
3
2
/2

9
9
8

);
 D

A
N

, 
9
%

 

(1
5
5
/1

7
6
9
);

 S
o
m

a
to

se
n
so

ry
, 

6
%

 (
1
5
8

/2
7
1
6
);

  

0
5
-0

2
 T

D
>

A
S

D
 

4
8
6
3

 
9
 

D
M

N
-V

, 
4
0

%
 (

6
3
2

/1
5
8
1
);

 D
M

N
-A

, 
4
0

%
 (

7
7
6
/1

9
5

1
);

 D
M

N
-D

, 
3
9

%
 (

3
6
4
/9

2
6
);

 D
M

N
/L

a
n
g

u
a
g

e
, 
2
7
%

 (
6
0
3

/2
2
5
9
);

 F
P

C
 R

, 

2
5
%

 (
8
5
9
/3

4
0
3
);

 V
is

u
a
l M

e
d
, 
1

6
%

 (
3

8
4
/2

3
7
5
);

 S
a

lie
n
ce

/V
A

N
-A

, 
1

2
%

 (
3
0
1

/2
5
2
3
);

 V
is

u
a
l U

p
 M

e
d
, 

1
1
%

 (
1

2
3
/1

1
5
0
);

 V
is

u
a

l 

L
a
t,
 1

1
%

 (
1

6
8
/1

5
1

8
);

 F
P

C
 L

, 
1
1

%
 (

2
4
6
/2

1
4
3
);

 A
u

d
ito

ry
/V

A
N

-P
, 

8
%

 (
1
8

0
/2

3
5
6
);

 D
A

N
, 

6
%

 (
1
1
4
/1

7
6
9
);

 M
o
to

r,
 2

%
 (

6
7
/2

9
9

8
);

 

S
o
m

a
to

se
n
so

ry
, 
1

%
 (

3
6
/2

7
1
6
);

  

1
9
-1

8
 A

S
D

>
T

D
 

4
6
9
3

 
1
9
 

A
u
d
ito

ry
/V

A
N

-P
, 
3

8
%

 (
9
0
7
/2

3
5
6
);

 F
P

C
 R

, 
2
6

%
 (

8
9
4
/3

4
0
3
);

 D
M

N
/L

a
n
g
u

a
g
e
, 
2
6

%
 (

5
7
9
/2

2
5
9
);

 D
M

N
-V

, 
1
9

%
 (

2
9
9
/1

5
8
1
);

 

D
M

N
-D

, 
1
9

%
 (

1
7

3
/9

2
6
);

 S
o
m

a
to

se
n

so
ry

, 
1
5

%
 (

4
1
2
/2

7
1
6
);

 M
o
to

r,
 1

4
%

 (
4

2
5
/2

9
9
8
);

 S
a

lie
n
ce

/V
A

N
-A

, 
1

3
%

 (
3
1
7

/2
5
2
3
);

 

D
M

N
-A

, 
1
2

%
 (

2
2
8

/1
9
5
1
);

 F
P

C
 L

, 
1
1

%
 (

2
3
4
/2

1
4

3
);

 V
is

u
a
l U

p
 M

e
d
, 

7
%

 (
7

8
/1

1
5
0
);

 V
is

u
a
l M

e
d
, 

3
%

 (
7
6
/2

3
7
5
);

 V
is

u
a
l L

a
t,
 2

%
 

(3
6

/1
5

1
8

);
 D

A
N

, 
2

%
 (

3
5

/1
7

6
9

);
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, 
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 (
9
1
5
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);

 V
is
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l U
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e
d
, 
2
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%
 (

3
2
1
/1

1
5
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);

 D
M

N
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, 
2
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%
 (

3
7
5
/1

5
8

1
);

 V
is

u
a

l M
e
d
, 
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%
 (

4
8
1
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3
7

5
);

 

M
o
to

r,
 1
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5
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9
9
8
);

 V
is

u
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a
t,
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5
%

 (
2
3
1
/1

5
1
8
);

 F
P

C
 L

, 
1

5
%

 (
3

2
2
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1

4
3

);
 D

A
N

, 
1

3
%

 (
2

2
3

/1
7

6
9

);
 A

u
d

ito
ry

/V
A

N
-P

, 
1

3
%

 

(3
0
4
/2

3
5
6
);

 D
M

N
-A

, 
1
1

%
 (

2
2
0
/1

9
5

1
);

 D
M

N
-D

, 
1
0

%
 (

9
3

/9
2
6
);

 S
a
lie

n
ce

/V
A

N
-A

, 
9

%
 (

2
3
6
/2

5
2

3
);

 D
M

N
/L

a
n
g

u
a
g

e
, 
8
%

 

(1
8
8
/2

2
5
9
);

 F
P

C
 R

, 
3

%
 (

1
0
8
/3

4
0
3
);

  

0
4
-0

3
 A

S
D

>
T

D
 

4
4
7
2

 
1
8
 

D
M

N
/L

a
n
g

u
a
g
e
, 
2

8
%

 (
6
3
0
/2

2
5
9
);

 S
o

m
a
to

se
n
so

ry
, 

2
3

%
 (

6
1
4
/2

7
1
6
);

 F
P

C
 R

, 
2
1

%
 (

7
0
8
/3

4
0
3

);
 D

M
N

-V
, 

2
1

%
 (

3
2
8
/1

5
8
1
);

 

M
o
to

r,
 1

9
%

 (
5
6
8
/2

9
9
8
);

 D
M

N
-D

, 
1
7

%
 (

1
5
6
/9

2
6
);

 V
is

u
a
l U

p
 M

e
d

, 
1

4
%

 (
1

5
7

/1
1

5
0

);
 F

P
C

 L
, 

1
1

%
 (

2
2

7
/2

1
4

3
);

 A
u

d
ito

ry
/V

A
N

-

P
, 
1
0

%
 (

2
3
6
/2

3
5

6
);

 V
is

u
a

l M
e
d
, 
9

%
 (

2
2
3
/2

3
7
5
);

 D
M

N
-A

, 
9
%

 (
1
8
5
/1

9
5
1
);

 S
a
lie

n
ce

/V
A

N
-A

, 
8

%
 (

2
0
0
/2

5
2

3
);

 D
A

N
, 
8

%
 

(1
4
3
/1

7
6
9
);

 V
is

u
a
l L

a
t,
 6

%
 (

8
9
/1

5
1
8
);

  

1
6
-0

6
 T

D
>

A
S

D
 

4
4
2
6

 
3
5
 

D
M

N
-D

, 
4
6

%
 (

4
2

6
/9

2
6
);

 D
M

N
-A

, 
3
2

%
 (

6
2
2
/1

9
5

1
);

 D
M

N
-V

, 
2
9

%
 (

4
5
9
/1

5
8
1
);

 D
M

N
/L

a
n

g
u
a

g
e
, 
2
4
%

 (
5
4

2
/2

2
5

9
);

 F
P

C
 R

, 

2
0
%

 (
6
9
5
/3

4
0
3
);

 A
u
d
ito

ry
/V

A
N

-P
, 
2
0

%
 (

4
7
7
/2

3
5

6
);

 V
is

u
a
l L

a
t,
 1

1
%

 (
1
6
3
/1

5
1
8
);

 F
P

C
 L

, 
1
0

%
 (

2
1
0
/2

1
4

3
);

 V
is

u
a
l M

e
d
, 
8

%
 

(1
7

9
/2

3
7

5
);

 S
o

m
a

to
se

n
so

ry
, 

8
%

 (
2

1
6

/2
7

1
6

);
 M

o
to

r,
 7

%
 (

2
1

3
/2

9
9
8
);

 D
A

N
, 

5
%

 (
8
1
/1

7
6

9
);

 S
a
lie

n
ce

/V
A

N
-A

, 
4

%
 (

1
0
3
/2

5
2
3
);

 

V
is

u
a

l U
p
 M

e
d
, 
3

%
 (

3
9
/1

1
5
0
);

  

0
3
-0

3
 T

D
>

A
S

D
 

4
1
8
7

 
1
7
 

V
is

u
a

l M
e
d
, 

2
8

%
 (

6
6
7
/2

3
7
5
);

 D
A

N
, 

2
6
%

 (
4
5
2
/1

7
6
9
);

 S
o

m
a
to

se
n
so

ry
, 
2
4

%
 (

6
5
2
/2

7
1
6
);

 A
u
d

ito
ry

/V
A

N
-P

, 
2
1

%
 (

4
8
7
/2

3
5

6
);

 

D
M

N
-V

, 
1
9

%
 (

3
0
1

/1
5
8
1
);

 V
is

u
a
l U

p
 M

e
d
, 

1
4
%

 (
1

6
0
/1

1
5
0
);

 M
o
to

r,
 1

4
%

 (
4

2
6
/2

9
9
8
);

 D
M

N
/L

a
n
g
u
a
g
e
, 

1
2

%
 (

2
6
3

/2
2
5
9
);

 

D
M

N
-D

, 
1
1

%
 (

1
0

3
/9

2
6
);

 V
is

u
a
l L

a
t,
 9

%
 (

1
3
4
/1

5
1

8
);

 F
P

C
 R

, 
7

%
 (

2
4
6
/3

4
0

3
);

 S
a
lie

n
ce

/V
A

N
-A

, 
6

%
 (

1
4
0
/2

5
2
3
);

 F
P

C
 L

, 
4

%
 

(9
4

/2
1

4
3

);
 D

M
N

-A
, 

3
%

 (
6

2
/1

9
5

1
);

  

0
5
-0

5
 A

S
D

>
T

D
 

4
1
5
1

 
2
0
 

A
u
d
ito

ry
/V

A
N

-P
, 
4

1
%

 (
9
7
1
/2

3
5
6
);

 S
a

lie
n
ce

/V
A

N
-A

, 
1
8

%
 (

4
5
0
/2

5
2

3
);

 M
o
to

r,
 1

8
%

 (
5
3
4
/2

9
9
8

);
 V

is
u
a
l M

e
d
, 

1
5

%
 (

3
5
8
/2

3
7

5
);

 

S
o
m

a
to

se
n
so

ry
, 
1

5
%

 (
4
0
1
/2

7
1
6
);

 F
P

C
 L

, 
1

5
%

 (
3

1
9
/2

1
4
3
);

 D
M

N
/L

a
n
g
u

a
g
e
, 
1
5

%
 (

3
4
5
/2

2
5
9
);

 F
P

C
 R

, 
1
1

%
 (

3
8
4
/3

4
0
3
);

 

D
A

N
, 

1
0

%
 (

1
7
3
/1

7
6
9
);

 D
M

N
-V

, 
4

%
 (

6
9
/1

5
8
1
);

 D
M

N
-D

, 
4
%

 (
3
3
/9

2
6
);

 V
is

u
a
l L

a
t,
 3

%
 (

5
1
/1

5
1

8
);

 V
is

u
a

l U
p
 M

e
d
, 

2
%

 

(2
6

/1
1

5
0

);
 D

M
N

-A
, 

2
%

 (
3

7
/1

9
5

1
);

  

2
6
-1

6
 T

D
>

A
S

D
 

3
7
6
8

 
1
6
 

F
P

C
 L

, 
3
5

%
 (

7
4
8
/2

1
4
3
);

 S
a
lie

n
ce

/V
A

N
-A

, 
2
7

%
 (

6
8
2
/2

5
2
3
);

 S
o
m

a
to

se
n
so

ry
, 

2
3
%

 (
6
2

0
/2

7
1

6
);

 D
A

N
, 

2
0

%
 (

3
5

1
/1

7
6
9
);

 

A
u
d
ito

ry
/V

A
N

-P
, 

1
3
%

 (
2
9
6
/2

3
5
6
);

 D
M

N
-V

, 
1
1

%
 (

1
7
6
/1

5
8
1
);

 F
P

C
 R

, 
8

%
 (

2
5
7
/3

4
0
3
);

 D
M

N
-A

, 
8
%

 (
1
4
9
/1

9
5
1
);

 V
is

u
a
l U

p
 

M
e
d
, 

7
%

 (
8
3
/1

1
5
0

);
 D

M
N

/L
a
n
g
u

a
g
e
, 

6
%

 (
1
3
1
/2

2
5
9
);

 M
o
to

r,
 5

%
 (

1
6
2
/2

9
9

8
);

 V
is

u
a

l L
a
t,
 3

%
 (

4
2
/1

5
1
8
);

 D
M

N
-D

, 
3
%

 

(2
5
/9

2
6
);

 V
is

u
a
l M

e
d
, 

2
%

 (
4
6
/2

3
7
5
);
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F
P
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 R
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 (
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);

 D
M

N
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9
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1
);

 V
is

u
a
l L

a
t,
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4
5
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5
1
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 V
is

u
a
l M

e
d
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4
9
8
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5
);

 D
M

N
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);
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M
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, 
1
4

%
 (

2
9
1
/2

1
4
3
);

 D
A
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/V

A
N
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2
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u
a

l U
p
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e
d
, 
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 (
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 D
M

N
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a
n
g
u
a
g
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4
%

 (
8

6
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);
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u
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N
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 S
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);

 D
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);

 D
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 D
A
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%
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3
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6 Discussion 

6.1 Brain activation while watching facial expressions 

In Study I, we hypothesized that participants with ASD would demonstrate 

differences in the valence-dependent scaling of brain activity while observing 

DFEs. Two expectations were tested: (a) whether viewing DFEs reveals differences 

in automated valence scaling between participants with ASD and the TD controls; 

and (b) whether deactivation explains some of the hypothesized differences. 

The TD participants present both more activation and deactivation during 

negative valence in comparison to positive facial expression valence. The 

participants with ASD showed significantly altered scaling related to facial 

valences in the bilateral temporal and parietal regions. The difference is related to 

abnormalities detected during happy DFEs. The positive, happy valence induced 

stronger activation and reduced deactivations over cortical and sub-cortical 

structures compared to the TD participants. Negative valence showed excess 

deactivation in the right visual cortex in the ASD participants. 

Insula and salience processing 

Based on the observed alterations in both RS connectivity and stimuli activation 

responses on the right INS, salience processing in the ASD group differs, leading 

to reduced valence scaling in this study. We found activation alterations in the right 

insula (INS), one key node in the salience network (Sridharan et al., 2008; Uddin, 

2015; Uddin et al., 2019; Uddin & Menon, 2009). We have also found evidence of 

baseline activity abnormality, i.e., decreased local FC in the very same region in 

RS analyses (Study II). This supports the presence of a salience network related 

alteration during both task and resting conditions. Since the resting state is usually 

the baseline to which task activations are compared, we argue that the baseline 

activity of salience is already altered, which may interfere with related task 

activation. This can also be seen in Study III (Figures 12–15), where the associated 

activations of auditory/VAN/salience and other networks clearly differ between the 

ASD and TD groups.  

In the TD participants, happy expressions activate more and deactivate less 

than fearful stimuli, thus presenting valence-related brain activity scaling (Rahko 

et al., 2010). In contrast, in the ASD participants, both stimuli strongly activate 
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brain areas. Thus, valence scaling of expression processing in participants with 

ASD is not observable. Impairments in modulating incoming sensory input have 

also been widely reported in the literature concerning autism characteristics 

(Adrien et al., 1992, 1993; Baranek, 1999; Dahlgren & Gillberg, 1989; Kientz & 

Dunn, 1997; Osterling & Dawson, 1994). 

Activation versus deactivation 

One hypothesis is that ASD is caused by an increased ratio of E-I ratio throughout 

the brain (Antoine, 2022; Manyukhina et al., 2022; Milovanovic & Grujicic, 2021; 

Port et al., 2019; Rubenstein & Merzenich, 2003). Kennedy et al. (2006) have 

shown that deactivation is absent in cases of ASD during the Stroop test (Stroop, 

1935). Our results support the finding of abnormalities in the deactivation of 

neuronal activity (in the BOLD sense) in ASD. We detected a failure to deactivate 

during positive valence in happy facial expression, while the brain was shown to 

overly deactivate during negative valence processing in the right visual cortex. 

The participants with ASD may have difficulty automatically determining the 

salience of expressions; therefore, the valence scaling of brain activity does not 

manifest similarly to the TD participants. The lack of automatic salience detection 

may engage additional cognitive processing, including both activation and 

deactivation. Group differences are not solely due to an absence of activation in 

both trial types in the ASD group. 

Mirror neuron system (MNS) 

There was an interesting difference between the groups in part of the superior 

temporal sulcus (STS / A1) due to a complete lack of deactivation during happy 

expressions in the ASD group. In addition, Study II also showed an alteration of 

the baseline regional coherence of the identical brain area. The STS areas are 

commonly related to the MNS and the processing of biological motion (Caspers et 

al., 2010; Dapretto et al., 2006; Hadjikhani et al., 2006, 2007). As far as we know, 

valence-specific deactivation disturbances and RS alterations had not previously 

been described in the MNS in identical areas. 

Another part of the MNS showed altered processing of facial valences. The 

anterior (IFG) and posterior (POC) part of the difference cluster showed more 

activation in the ASD group, which is the opposite of results reported by Dapretto 

et al. (2006), but more in line with the results of Bastiaansen et al. (2011), Martineau 
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et al. (2010) and the meta-analysis by Philip et al. (2012). The p.op of the IFG has 

been reported to be consistently active during imitation, action observation, and 

intention understanding (Iacoboni, 2005; Iacoboni et al., 1999; Johnson-Frey et al., 

2003). This difference between Dapretto’s results and our later results may be 

related to dynamic versus still image processing and other aspects of the stimulus. 

Interestingly, we also found a valence specificity in the IFG abnormality, as there 

was no difference for fearful stimuli, only for the positive, happy valence. 

Valence and primary visual areas 

Differences were almost absent for fearful stimuli, showing a slight deactivation 

increase in the right visual cortex in participants with ASD compared to the TD 

controls. The ASD group also showed DTI alterations: significantly greater 

fractional anisotropy in the area containing clusters of the optic radiation and the 

right inferior frontal-occipital fasciculus (Bode et al., 2011). Transverse diffusion 

was significantly reduced in the same area, which may relate to abnormal 

connectivity between the insular salience processing and occipital visual areas 

(Bode et al., 2011). The differences in deactivation may also be related to the 

alterations in primary visual processing in ASD shown before. The reasons for the 

lateralized findings warrant further investigation. 

Valence versus limbic structures 

In both groups, both expressions activated limbic areas such as the (bilateral) Amy, 

hippocampi, and thalami, and in addition, medial parts of the lentiform nuclei. 

However, both putamina showed altered processing in happy facial expressions. It 

might be that the dynamic information in realistic facial expressions increases 

limbic activation, so there is no activity difference between the groups, as detected 

in morphed stimuli of static partially covered faces. On the other hand, more 

hypothesis-based region-of-interest analyses aimed at specific areas, especially 

with higher MRI field strengths, might reveal intricate differences found earlier by 

others at the subcortical level. Cortical face and expression recognition areas, such 

as the occipitotemporal V2 and V5 regions and the fusiform cortices, were also 

strongly activated during both groups’ interpretation of emotions (Viinikainen et al., 

2010). Interestingly, as regards fearful stimuli, differences were almost wholly 

absent, showing a slight deactivation increase in the right visual cortex in 

participants with ASD. 
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6.2 Resting state fMRI alterations in ASD 

6.2.1 Static local connectivity alterations based on ReHo analysis 

As a first ASD ReHo analysis, Study II could depict several brain areas where local 

BOLD signal coherence was different in the participants with ASD compared to 

the TD controls. Decreased or increased ReHo in ASD suggests that neural function 

in certain regions is less or more synchronized compared to the TD controls. It also 

seems that activity increase leads to more synchronized function and deactivation 

to less synchronized, though we are unaware of published research proving this 

notion. Nonetheless, it is interesting to note that the majority of the ReHo changes 

are right-sided. GM ReHo changes indicate decreased coherence or 

synchronization in local, regional RS activity in the right frontal and temporal brain 

regions in the participants with ASD. There can be many possible explanations for 

this uneven activity. For example, in the language domain, earlier study results have 

indicated reduced hemispheric differentiation and varying lateralization in ASD 

(Kleinhans et al., 2008). 

Compared to a meta-analysis of task-based functional neuroimaging studies of 

ASD (Di Martino et al., 2009), we did not detect significant ReHo differences in 

ACC. However, estimated from the Talairach coordinates, common areas of altered 

function in both the task-based meta-analysis and this RS study include the right 

STG, insula, thalamus, declive, and on the left FFG, the middle occipital gyrus and 

anterior subcallosal gyrus. 

In this study, many local ReHo changes display spatial resemblance to earlier 

autism studies and might be interlinked. For example, several current psychological 

theories of autism have implicated atypical sensory processing as a core feature of 

autism (Iarocci & McDonald, 2006). The decreased coherence in the RS BOLD 

activity detected in this study in both STS and insular regions may indicate that 

participants with ASD integrate a multisensory input differently or that the amount 

of input differs. A primary social cognitive function that recruits the STS is 

biological motion perception, or identifying a social form from a moving entity and 

attributing intentions or goals to that entity (Redcay, 2008). In the language domain, 

the STS is involved in identifying linguistic units from a stream of auditory 

information and extracting the communicative significance out of these units. 

Redcay (2008) argued that STS performs a common function for social and speech 

perception by parsing rapidly changing auditory and visual input and extracting 
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meaning from this input, and concluded that impairments in its operation might 

underlie many of the social and language abnormalities seen in autism. 

As mentioned earlier, the right insula in participants with ASD showed 

decreased ReHo. The insular cortex is a complex structure containing areas that 

subserve visceral sensory, motor, vestibular, and somatosensory functions (Bamiou 

et al., 2003; Simmons et al., 2008). The right insula is a multimodally responsive 

area that responds to visual, tactile, and auditory stimuli and has shown 

significantly greater response to a novel versus a familiar stimulus. It is involved 

in detecting a temporal mismatch between simple stationary auditory and visual 

stimuli (Bamiou et al., 2003). The right insular activation has also been linked to 

perceived intolerance of uncertainty; in other words, it is related to the degree to 

which uncertainty is processed as aversive (Simmons et al., 2008). Results also 

indicate that the right claustrum/insula region is differentially activated in 

association with multisensory integration of conceptually related common objects 

(Naghavi et al., 2007). In addition, the insula is a part of the inhibition network with 

anterior and middle cingulate gyri, and subjects with ASD have shown lower levels 

of synchronization between the inhibition network and the right middle and inferior 

frontal and right inferior parietal regions (Kana et al., 2007). 

The crucial role of the insula in the salience network has been discussed. 

Sridharan et al. (2008) showed that the right frontoinsular cortex (rFIC) also plays 

a critical and causal role in switching between the executive functions (EF / CEN) 

and the DMN. They propose that a transient signal from rFIC engages the brain’s 

attentional, working memory, and higher-order control processes while 

disengaging other systems that are not task-relevant. Local decreased ReHo in the 

right insula, and IFG may indicate disruptions to these processes, which participate 

in balancing one’s attention between external events (CEN) and internal reflections 

(DMN). Considering its diverse connectivity and versatile functions, the insula is 

one possible key area in the neurobiology of ASD. 

The insula also connects with several ventral thalamic nuclei, such as the VPL, 

which are part of cerebello-thalamo-cortical pathways. The VPL relays 

somatosensory information to the postcentral area (Mizuno et al., 2006; L.-H. Wang 

et al., 2022). We found increased ReHo in the VPL of the participants with ASD 

but decreased ReHo in the postcentral gyrus. 

In the ASD group, we found bilateral increased ReHo in cerebellar crus I but 

decreased in cerebellar lobule VIII. These cerebellar regions were among the 

activated areas when Dimitrova et al. (2003) evoked nociceptive leg withdrawal 

reflexes in healthy adults. Discrete right finger movements have been noted to 
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activate the right lobule HVIII, whereas continuous movements activate bilateral 

crus I (Habas & Cabanis, 2008). A report from 2003 involving patients performing 

finger movements demonstrated abnormal variability and scatter of functional 

maps, thus suggesting early-onset disturbances in the development of cerebellar-

thalamo-cortical pathways in autism (Müller et al., 2003). In addition, certain 

nonmotor functional deficits, as seen in an attention task study by G. Allen and 

Courchesne (2003), may be related to cerebellar abnormalities in ASD. Indeed, it 

has become evident that the cerebellum is also involved in higher cognitive 

functions and plays an important social role (Castellazzi et al., 2014; Guell & 

Schmahmann, 2020; Hirjak et al., 2016; Marek et al., 2018; Ramnani, 2006; Van 

Overwalle et al., 2020). The posterior cerebellum supports social mentalizing (e.g., 

Crus I and II; Van Overwalle et al., 2020). The models of how the cerebellum 

processes information from the motor cortex might be extended to explain how it 

could also process information from the prefrontal cortex (Ramnani, 2006). 

Prefrontal and motor cortices connect via pontine nuclei, respectively, to cerebellar 

lobules crus I and VIII (among others) and loop back via the thalamus (Ramnani, 

2006). 

Compared with the controls, the participants with ASD had significantly 

decreased ReHo in the right IFG and MidFG. The frontal lobe hosts many essential 

higher functions. Based on macro- and microscopic anatomy, and fMRI studies, it 

has been proposed that in ASD, connectivity within this region is both excessive 

and disorganized, which may lead to a desynchronization between the frontal 

cortex and other systems (Courchesne & Pierce, 2005). Later functional studies 

have also shown the impact of methodological differences, even considering that 

the overall impression of functional connectivity changes is heterogeneous (Hull et 

al., 2017). We did not find any significant ReHo changes in the p.op part of IFG, 

which is considered an important part of the mirror neuron system, but there were 

decreases located more anteriorly in the pars orbitalis and p.tr. Furthermore, also 

insula is related to this system, acting as an interface between the frontal component 

of the mirror neuron system and the limbic system (Dapretto et al., 2006). 

One of the clinical findings in ASD is the lack of apparent recognition of faces. 

The fMRI studies of face recognition have shown weaker fusiform activity in the 

subjects with ASD, but dysfunction of the modulating areas has also been suspected 

(Hughes, 2007). We detected increased ReHo in the ASD group, including part of 

the left FFG. Task fMRI may have advantages over RS fMRI (see also M. Liu et 

al., 2021) as DP participants with face recognition impairment and strong autism 

traits (high AQ) exhibit deficient face emotion recognition and decreased pSTS 
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selectivity in task fMRI, while RS fMRI showed only similarly reduced face-

selective network connectivity in both DP groups compared with controls (Fry et 

al., 2022). 

Epilepsy and ASD comorbidity range between 5 and 46%, but its temporal 

relationship, causal mechanisms, and interplay with an intellectual disability still 

lack concluding evidence (Milovanovic & Grujicic, 2021; Santarone et al., 2023). 

One interesting aspect related to right temporal lobe ReHo differences has emerged 

from EEG research. In a retrospective review, Chez et al. (2006) showed that 60.7% 

of 889 ASD patients displayed abnormal EEG epileptiform activity in sleep with 

no difference based on clinical regression. The most frequent sites of epileptiform 

abnormalities were localized over the right temporal region, where we found 

decreased ReHo. It can be speculated that in some individuals, this decreased local 

coherence in the right temporal lobe spontaneous activity (compared to the TD 

population) could lower the threshold of epileptiform activity or reflect this kind of 

activity. Because discharges are usually regarded as focal, and the seizures require 

some spread from this focus, one ASD feature may be the deficiency of cortico-

cortical fibers to account for this presumed lack of spread (Hughes, 2007). 

In another retrospective review of 292 routine polysomnographic EEG tracings 

of preschool children (age < 6 years) with ASD, the background activity during 

wakefulness and sleep, the presence and the characteristics (focal or diffuse) of the 

slow-waves abnormalities and the interictal epileptiform discharges were evaluated 

(Santarone et al., 2023). The EEG recordings were abnormal in 78.0% of cases, 

particularly during sleep. Paroxysmal slowing and epileptiform abnormalities were 

found in 28.4% of the subjects, confirming the high percentage of abnormal 

polysomnographic EEG recordings in children with ASD (Santarone et al., 2023). 

EEG microstate alterations also in awake pediatric ASD participants have been 

shown, suggesting specific alterations in synchronized activities of large-scale 

networks, namely the DMN and salience networks (Takarae et al., 2022). 

Kennedy and Courchesne (2008) found specific abnormalities in the mPFC and 

left AG using resting FC. Though the ReHo method is more sensitive to activity 

within the task-negative network than the task-positive network (Long et al., 2008), 

we could not detect any significant differences in these areas between the ASD 

group and the TD controls. As noted earlier in this discussion, we found no 

evidence of Reho or local connectivity abnormalities in the ACC. However, the 

ReHo method cannot identify such connectivity disruption to more distant 

networks, as Kennedy and Courchesne (2008) found. This fact limits the 

comparison of our study to current fMRI evidence suggesting that autism is a 
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distributed systemwide brain disorder, manifesting a mixed FC pattern of under- 

and overconnectivity (Harikumar et al., 2021; Hull et al., 2017), in contrast with 

for example ADHD mostly showing stronger FC (Harikumar et al., 2021). 

While there is doubt about the validity of the BOLD signal in WM (Logothetis 

& Wandell, 2004), studies have shown activation of the CC (Mosier & Bereznaya, 

2001; Tettamanti et al., 2002). The WM and GM can be segmented on their 

temporal signal features (Mezer et al., 2009). Similarly, ReHo reflects the temporal 

homogeneity of the regional BOLD signal rather than its intensity. In an ABIDE 

subsample (88 ASD, 87 TD) study, the ASD group showed significantly decreased 

ReHo in the left superior corona radiata and left posterior limb of the internal 

capsule and reduced ReHo in the left anterior corona radiata with a trend level of 

significance (L. Ma et al., 2022). Significantly weaker structural-functional 

coupling was observed in the left superior corona radiata and left posterior limb of 

the internal capsule in the ASD participants. These findings suggested the 

possibility of using WM ReHo to investigate the pathophysiological mechanisms 

of ASD (L. Ma et al., 2022). Deshpande et al. (2009) compared ReHo, and another 

measure of local coherence called integrated local correlation (ILC) by examining 

their ability to discriminate between GM and WM in the RS data. ILC was more 

sensitive, and it would be interesting to compare these two techniques on this data. 

6.2.2 Time-varying connectivity alterations based on CAP analysis 

As individual CAPs reflect the continuous flow of time-varying co-activations 

within functional brain networks (X. Liu et al., 2018), in Study III, we wanted to 

find out whether the effects of restricted, narrow focusing of attention to limited 

sensory information sources typical to ASD can be detected in the clustering of 

CAPs. To determine possible CAP differences between adolescents with ASD and 

TD controls, we compared the distribution of the ASD and TD groups' volumes in 

CAPs as well as their voxel-wise means. This enabled us to determine the 

differences between the (de)activation patterns of the two groups. The number of 

CAPs in earlier studies ranges from 4 (X. Li et al., 2015) to 30 (X. Liu et al., 2013), 

and we addressed this range accordingly. 

Our Study III provides complementary information and an alternative 

perspective to FC analysis by gathering non-sequentially brief instances of similar 

fMRI brain volumes into larger CAP clusters. This method may be especially 

beneficial before group comparisons in RS studies, in which no external 

synchronization is provided by tasks or stimuli. We found the DMN+CAPs and 



 

115 

DMN-CAPs (61% and 39% of the fMRI volumes, respectively) to be spatially 

similar in the TD and ASD groups as the clustering algorithm gathered volumes to 

each CAP from both groups without significant group-wise differences in time 

spent in each CAP. 

While the CAP clustering, comparisons, and statistics between the groups were 

calculated voxel-wise, we then used GICA-derived RSNs as masks forming a 

simple 14-parcellation brain atlas. This provided some sort of area averaging filters 

for visualization and aided in interpreting differing RSN activity levels inside the 

CAPs. We found focused between-group alterations of internal activity levels 

among many RSNs, including the following (In Figures 14–15 activated RSNs red 

and deactivated RSNs blue; Figures 12–13 are also of interest): 

1) ASD-related activations during the DMN-CAPs occurred considerably in 

the DMN and during DMN+CAPs in other RSNs. 

2) The ASD group showed visual network overactivation during the DMN-

CAPs, simultaneous with the overactivation of either the DAN or DMN.  

3) ASD-related FPC activations were incoherent and showed hemispherical 

shifts. 

4) The ASD participants may have higher baseline activation levels in the 

auditory, DMN and language RS networks since these showed less deactivation 

(compared to the TD) in CAPs with these RSNs deactivated (= blue). 

The TD group-related alterations can be assessed similarly: in general, the TD 

group showed greater activation in the task-positive RSNs during the DMN-CAPs 

and in the positively activated DMN during the DMN+CAPs than the ASD group. 

During the DMN-CAPs, auditory activation reached higher levels in the TD group. 

In addition, DAN activation was also more evenly related to other sensory (auditory, 

somatosensory), salience, and VAN networks, even though DAN in our study 

included extrastriate visual areas. FPC overactivation was consistently asymmetric 

in the TD group: predominantly left-sided during the DMN-CAPs and right-sided 

during the DMN+CAPs. 

Comparing the group-related changes in Figures 14 and 15 shows that the ASD 

participants demonstrated overactivation of medial visual areas during the DMN-

CAPs. Simultaneous overactivation with a visual network was detected among the 

DAN and/or DMN. This tendency might have been related to increased reliance on 

posterior brain areas in ASD when mediating visuospatial tasks (Kana et al., 2013). 

In an MEG study, the ASD group presented early enhanced activity in the occipital 

region, suggesting that impaired face processing in ASD might be sustained by 

atypical responses in primary visual areas (Kovarski et al., 2019). Anecdotal 
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experiences from individuals with ASD report overwhelming sensations of visual 

details in everyday environments which they cannot seem to get past. Abnormal 

simultaneous overactivation of the visual networks with the DAN and the DMNs 

detected in our study could reflect such a propensity. In a general deactivation CAP 

06-06, the ASD group showed a considerably reduced deactivation pattern in nearly 

all (12/14) RSNs, maybe reflecting a different E-I ratio. 

People on the autism spectrum experience trouble filtering torrents of 

information, which hijacks their concentration, and this may explain why 

prolonged simultaneous multisensory events cause fatigue sooner for people with 

ASD. On the other hand, it could be speculated that neurotypical people may be 

unable to concentrate with similar intensity or for equal periods under normal levels 

of stimuli. It would be interesting to study further whether the neurobiological 

potential for concentration in ASD could be reflected in task-related DMN 

activation. Such a study could utilize a validated attention ability paradigm (e.g., 

Fortenbaugh et al., 2018) to study attentional stability and RSNs in ASD. 

Concentration, mindfulness, and task-unrelated mind-wandering are examples 

of alternating states of mind that may be better captured in dynamical temporal 

analysis than static methods. The more mindful youths transitioned more between 

brain states, spent less time in a particular connectivity state, and showed a state-

specific reduction in connectivity between salience and central executive (i.e., 

frontoparietal cognitive control, FPC) networks (Marusak et al., 2018). 

From the RS networks, our study detected the strongest salience and FPC mean 

activations during DMN+CAPs (Fig. 10; similar colors in salience/VAN-A and 

FPC L/R). In the TD group, we found salience and FPC association during the 

DMN-CAPs, but in contrast, in the ASD group, only during two DMN+CAPs 

(Figures 12–15). 

Similarly, in the ASD group, we found interesting reversals in associations 

between DMN-D, the other parts of the DMN, and FPC. DMN-D associations with 

other DMN components were more frequent in the TD group during DMN+CAPs, 

but again, in contrast to the ASD group where it was more frequent during DMN-

CAPs. In participants without neuropsychiatric disorders, increased connectivity 

during task performance has been found between the precuneus (in our study part 

of the DMN-D) and the FPC L, whereas rest increased connectivity between the 

precuneus and other parts of the DMN (Utevsky et al., 2014). 

Parallel top-down volitional attention is influenced by the DAN (Vossel et al., 

2014; Yamasaki et al., 2017). The dorsal frontoparietal areas can causally modulate 

visual areas' activity (Vossel et al., 2014). One hypothetical explanation for our 
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study results could be that this modulating effect may be more substantial among 

ASD individuals: for ASD, during the DMN-CAPs associated with DAN RSN 

activation, there was a repeated simultaneous overactivation of the DAN and the 

visual medial network (Fig. 15: CAPs 24-21, 13-11, 11-01, 10-01, 04-01, and 02-

01; also Supporting Information S1 of Study III: Figures S2a–i). 

However, we detected visual overactivation during many DMN-CAPs, and the 

CAP method cannot infer causality. Yamasaki et al. (2017) reviewed studies using 

visual evoked potentials and the DTI MRI of visual and attention networks in ASD. 

They found that (1) enhanced and impaired processing co-exist within the lower 

visual area (V1), (2) that local information integration from lower visual areas (V1) 

is impaired in higher-level visual areas after V4 and V5/MT, and (3) that the DAN 

is impaired while the VAN is intact in ASD. The VAN contains key nodes in the 

temporoparietal junction and ventral frontal cortices related to automatically 

produced and quicker bottom-up attention (Yamasaki et al., 2017). Despite the 

results of Yamasaki et al. (2017), some fMRI studies have found ASD-related 

differences in the VAN as well (Bernas et al., 2018; Farrant & Uddin, 2016; 

Fitzgerald et al., 2015). 

Moreover, a study by Feczko et al. (2018) hints that some ASD subgroups have 

altered visual processing, attention mechanisms, or both. In addition to 

overwhelming sensory experiences, altered connectivity of visual and attention 

networks may contribute to impaired social communication in ASD. Early 

disordered FC involving the visual network may engender later disruptions in 

higher order behaviors. McKinnon et al. (2019) showed that aberrant functional 

connectivity between the visual, control, DMN, DAN, and subcortical networks are 

also associated with certain restricted and repetitive behaviors among children with 

ASD at 12 and 24 months of age. Also, Bi et al. (2018), Fitzgerald et al. (2015), 

and Gabrielsen et al. (2018) have found abnormal attention mechanisms in ASD. 

While ASD may offer advantages in various visual-attentional tasks, the 

predisposition to intense attentional focus may come at the cost of resistance to task 

disengagement and other behavioral symptoms such as overfocusing and restricted 

interests (Kaldy et al., 2016). 

In the TD group, highlighted simultaneous DAN and visual network 

overactivation were detected only during task-positive CAP 06-03 and DMN-

positive CAP 03-03. The former, unlike the CAPs mentioned in the previous 

paragraph, exhibits mainly motor and somatosensory activation. In addition to the 

DAN and visual medial networks, TD group-related overactivation is more 

comprehensive and detected among the auditory, salience, VAN, and FPC networks. 
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Despite hearing protection, noisy MRI environments may cause more auditory 

than somatosensory input in a supine patient lying still. In healthy participants, 

connectivity reductions related to MRI coil noise have been detected in both the 

right auditory and sensory-motor networks (Pellegrino et al., 2022). Tactile and 

auditory hypersensitivity among children raises the risk of ASD diagnosis 34- and 

22-fold, respectively (Jussila et al., 2019). Our results suggest higher auditory 

network baseline activity during deactivations in ASD and that somatosensory 

activations are less unambiguous. 

In our study, the ASD participants showed rightward shifted FPC activation for 

the DMN-CAPs and leftward for the DMN+CAPs (Figures 12–15). ASD-related 

functional brain asymmetry has been detected during RS by, for example, Cardinale 

et al. (2013) and Subbaraju et al. (2018), who have shown rightward asymmetry 

shifts of functional networks and atypical hemispherical lateralization, respectively. 

Diffusion imaging has found inversion or diminishing of typical left-right 

asymmetry among ASD individuals (Carper et al., 2016; Conti et al., 2016; Wei et 

al., 2018). 

Earlier evidence of reduced functional integration of the DMN, especially 

weaker coherence of connectivity between the posterior and anterior subsystems 

(Joshi et al., 2017; Starck et al., 2013), may be mirrored in our study as higher 

baseline activity during the DMN-CAPs, especially in the dorsal and ventral 

components of the DMN. Still, the inferences between FC and CAP analysis remain 

unclear. 

6.3 Comparing task and resting state results 

The brain network changes were not identical during the task and RSs. The greatest 

areal changes during the happy facial expression viewing (Table 1) were elicited, 

respectively, in the Salience, VAN, Auditory, Motor, Somatosensory, FPC, DMN, 

and Language networks. Surprisingly, the smallest difference areas were detected 

in the DAN and Visual areas, which in CAP RS analysis showed altered activations. 

Fearful facial expression, however, deactivated more Visual Med network in ASD. 

As DMN-CAPs showed heightened Visual Med activation, it would have been 

easier to explain less ASD deactivation instead of more, or maybe the deactivation 

depicts the greater overall delta difference in ASD. It would be interesting to run 

CAP analysis for the facial expression task and inspect ICN activations at shorter 

periods. Most differences between happy versus fear valence (Table 3) were found 

in the Auditory/VAN-P and Motor networks.  
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Increased ReHo (Table 4) highlighted, respectively, the DAN, Visual Med, 

Motor, Salience/VAN-A, FPC L, and Auditory/VAN-P networks. Decreased ReHo 

highlighted, respectively, the Auditory/VAN-P, FPC R, DMN/Language, Visual Lat, 

Salience/VAN-A, and Motor networks. 

6.4 Reliability and validity 

6.4.1 Strengths of the study 

To limit computing time, especially in dynamic FC analysis, voxel-wise fMRI data 

is usually summed into larger mean time series parcels or ROIs. We used accurate 

voxel-wise data despite the increased computer memory use and analysis time, 

especially with the FSL randomise tool. 

6.4.2 Limitations of the study and future directions 

All of the studies 

The data SNR and resolution would have been higher at 3.0T MRI, but we only 

had access to a lower 1.5T field strength device. We lacked the equipment to record 

and model optimally physiological parameters such as heart and respiratory rate 

and their impact on results. We did not have a video-based real-time eye-tracking 

system that would have shown the gaze position and verified if the eyes were open 

or closed. This information would have been valuable since mere eye movements 

potentially cause complex brain activations. Also, ASD individuals may look less 

at faces and eyes (Schultz, 2005) as their social attention is reduced and has 

different temporal dynamics (Del Bianco et al., 2021). 

The number of participants was different between the task and RS studies. The 

fMRI sequence parameters differed between the face expression viewing task and 

the resting state. As the analysis period was long, the preprocessing methods 

between studies differed. 

We lacked the authorization to correlate the ASD assessment measures ADOS 

and ADIR with the fMRI findings. Due to the recruitment process, not all ASD 

participants had all the same measures, such as ASSQ or SRS, in addition to ADOS 

and ADIR. Future studies could benefit from correlating such measures with fMRI 

findings to assess different dimensions of ASD. 
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Reproducible brain-wide association studies may require thousands of 

participants because, in smaller studies, the results may be more inflated and 

unreliable than previously thought (Marek et al., 2022). However, Marek et al. 

(2022) note: ”Neuroimaging-only studies are typically adequately powered at small 

sample sizes. For example, central tendencies of human functional brain 

organization among groups can be accurately represented by averaging within 

small samples (that is, n = 25). Precise individual-specific RSFC and fMRI 

activation brain maps can be generated by repeatedly sampling the same 

individual”. The estimates for the amount of data needed for reliable 

characterization of individual-specific RSFC measures vary, depending on the 

specific measure (Gordon et al., 2017; White et al., 2014). 

Study I 

The first limitation of the study was that the participants simply watched the 

emotional stimuli passively without having to respond. This was, however, 

deliberate since recognition of facial expressions was hypothesized to be reduced 

in ASD, and we wanted to reduce any potential anxiety related to an inability to 

recognize expressions. Including additional observational tasks related to 

attentional processes might have strengthened the interpretation of the current 

findings. We found that the participants paid attention in the free viewing task due 

to good stimulus-related activation of known areas connected to facial emotion and 

deactivation in attention-related default mode areas in the ACC. In addition, we 

found that the same participants' performance in the following N-back task was still 

very accurate, with marginal differences between the groups (Rahko et al., 2016). 

The second limitation was that we did not use a dynamic mosaic mask because 

as a continuous video it was visually disturbing for the participants. Therefore, we 

used stable mosaic images to reduce the participants’ eye blinking and gaze 

wandering in the relatively challenging fMRI environment. Possibly there would 

have been better stimulus alternatives (Stojanoski & Cusack, 2014). We did not 

strive for separation of DFE areas per se but rather for differences between groups 

highlighted by stronger activation due to dynamic facial stimuli. A set of static 

facial expression images would have been a useful control since contrasting 

dynamic versus static images would have given more information on how much 

the dynamic nature of the expressions contributes to the results. The stimuli 

employed have been optimized to be as natural and recognizable as possible (for 

further information, see Kätsyri, 2006). 
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Study II 

The traditional slow repetition time RS imaging leads to signal aliasing and 

quantifying the source of ReHo changes as originating from VLF or 

cardiorespiratory differences is compromised (Huotari et al., 2019). Also, the 

motion could have been handled better (Ciric et al., 2017; Power et al., 2015), and 

the Talairach conversion was unnecessary. 

Study III 

RS studies have found it challenging to show unambiguous brain FC changes in 

ASD (Hull et al., 2017). Even though local (e.g., ReHo) and more distant changes 

of FC have been shown (Hull et al., 2017; Jao Keehn et al., 2018; Nair et al., 2018), 

legitimate concern has arisen that motion during RS examinations might at least 

partly explain the detected under- and/or overconnectivity (Jo et al., 2013; Power 

et al., 2014). Comparisons suggest that censoring and ICA-AROMA perform well 

across most preprocessing quality benchmarks (Parkes et al., 2018). Whereas 

earlier dual-regression ICA and FC analysis has revealed only hypo-

/underconnectivity within the DMN sub-networks of our study participants with 

ASD (Starck et al., 2013), we found significant differences in many CAPs. When 

similarly activated brain BOLD fMRI volumes are accumulated into CAPs, 

between-group comparisons may become more powerful than, for example, sliding 

window methods, in which each window of sequential volumes includes more 

heterogeneous brain activation patterns. When discussing results, one should 

remember that hierarchical clusters are nested, and thus volumes accumulate as we 

move up the hierarchy into lower-numbered cluster levels. Depending on the 

different spatial (de)activation signal amplitudes of the clusters (CAPs) combined 

and the difference in the brain areas' activation behavior between the groups, some 

of the spatial between-group differences may fade, and others may increase from 

one hierarchical level to another. 

It should be remembered that hierarchical clustering is an exploratory method 

and imposes a hierarchical structure regardless of whether one exists in the data 

(Friedman et al., 2001). Accordingly, the results should be interpreted cautiously. 

However, based on previous research about alternating rest and task states of brain 

function and our results, this method can yield meaningful complementary 

information on the "natural" occurrence of CAPs and their relations to each other 

during RS-fMRI. The coarse division in our data showed that 61% of the volumes 
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had default mode-positive RSN features. RS data certainly also include varying 

epochs with genuine task-positive ICN activations, as the MRI environment is 

noisy and disruptive (Stogiannos et al., 2022), especially to young individuals, and 

we imaged RS with the participants' eyes open. Empirical evidence suggests that 

eyes-open brain states are better controlled than eyes-closed states (Patriat et al., 

2013; Zou et al., 2015), but as stated earlier, eye status affects local connectivity: 

the eyes-open state highlights overconnectivity in posterior, visual regions and 

underconnectivity in the cingulate gyrus (Nair et al., 2018). 

We did not compare RS with task data, and the relationship between the CAPs 

of the rest and task data should be addressed in the future to determine the 

proportions of DMN-positive and task-positive activity in combined data and the 

various settings: in other words we should determine whether specific CAPs and 

their between-group differences persist during tasks and how they are modified. In 

this context, there is evidence that functional hierarchies in the pediatric brain are 

stable and similar during rest and task (Harrewijn et al., 2020). It would have been 

interesting to study separately whether hierarchical RSN groupings differ in ASD 

and TD groups. 

As stated earlier, due to RSN z-score averaging in the Fig. 10 heatmap, the 

voxel-wise nuances of CAPs are lost, and a few seemingly similar CAPs co-exist 

on both the DMN-negative (DMN-CAPs) and DMN-positive (DMN+CAPs) sides 

of the clustering results. In addition to averaging, the weaknesses of the chosen 

method and arbitrary low ICA model order may predispose to this phenomenon. 

The clustering procedure itself is, of course, unaware of this interpretive naming 

convention and simplification aimed to facilitate the understanding of complex 

network interactions. 

There are several linkage methods in hierarchical clustering. We chose Ward's 

method as it shares a common principle with k-means, providing a basis for current 

research and comparison to earlier research. We found high Pearson correlation 

coefficients (as implemented in the FSL fslcc tool) with the CAPs from X. Liu et 

al. (2013) (results not shown), though their results were acquired after global mean 

removal. Using GSR could eliminate artifacts even more efficiently than censoring 

and ICA-AROMA alone (Byrge & Kennedy, 2018; Ciric et al., 2017; Murphy & 

Fox, 2017; Power et al., 2015). Possible anticorrelations in the CAPs might not be 

as problematic as with FC measures, as signal amplitudes are compared. Our 

educated guess is that using GSR would reduce the portion of CAPs that exhibit 

whole brain-wide activation or deactivation. Unfortunately, censoring reduces 

degrees of freedom and may also remove the signal of interest from the data. For 
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example, Syed et al. (2017) found that although the DMN provided the highest 

discriminability between the control and ASD groups, the motor network regions 

with the midcingulate cortex and temporal-parietal junction were also 

discriminatory. Moreover, the choice of clustering distance measure (cosine, 

Euclidean, Pearson correlation, etc.) may potentially increase or decrease GSR-like 

effects. 

Besides distance and linkage adjustments, combining other statistical 

procedures, such as permutational methods to hierarchical clustering, could achieve 

results closer to the ground truth. Based on our study, efforts to refine volume-wise 

methods are worth pursuing. Hierarchical and k-means are only two standard, older 

clustering methods, and more efficient algorithms that can utilize fMRI-specific 

data features probably exist. For example, random forest methods could be used 

volume-wise instead of measures from temporally stationary FC (Feczko et al., 

2018; Fernández-Delgado et al., 2014). Though FC and ICA RS metrics are not 

substantially affected by different TRs, faster imaging methods such as MREG with 

10-20 Hz temporal resolution show "neural avalanches", which in traditional 0.5–

1 Hz fMRI temporal resolutions are only seen as aliased images and could enable 

the study of higher cluster numbers and shorter CAPs (Huotari et al., 2019; Rajna 

et al., 2015), though the inherently slow HRF may act as a limiting bottleneck 

(Bolton et al., 2020). Faster imaging and dynamic lag analysis (Kotila et al., 2020; 

Raatikainen et al., 2020) or causality analysis methods (Bernas et al., 2018; 

Bielczyk et al., 2019; Borchers et al., 2012; H. Chen et al., 2016; Deshpande & Hu, 

2012; Kaminski et al., 2016; L. Li et al., 2020) may shed light on interactions 

between the attention, visual and other brain networks. MREG fMRI coupled with 

simultaneous EEG analysis (Ding et al., 2022; Hiltunen et al., 2014; J. Li et al., 

2019; Ridley et al., 2017) could clarify the relationship between the neural 

avalanches and the brain's electrical activity in the future.  

As each volume is a time point in the imaging time series and is assigned with 

cluster membership, this method could map the changes at the individual level. The 

current study could be extended using a network or Markov chain analysis to 

determine whether there are repetitive sequences or states in the occurrence of the 

CAPs (J. E. Chen et al., 2015; X. Liu et al., 2013; Zhuang et al., 2018), as some 

ASD studies indicate (Kupis et al., 2020; Malaia et al., 2016; J. Zhang et al., 2016). 

Even if independent RSNs seemed to activate normally, CAP analysis might 

reveal aberrant in-between network interactions and their timing. FC analysis could 

be supplemented by CAP analysis. It may find CAPs that exhibit the most 

significant differences between the voxels with aberrant connectivity, pinpoint the 
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moments at which the differences lie, and detect simultaneous patterns in other 

intrinsic networks and their activity levels. This knowledge may help find new 

approaches to ASD rehabilitation: for example, using customized stimuli targeting 

brain network combinations that have been found to have abnormal interactions or 

inappropriate timing in interaction situations. 

Preprocessing methods changed during the long study period and affected the 

results. In Study III, noise reduction techniques were more advanced, but the choice 

of censoring motion may have reduced the visibility of motor network activity. It 

is known that ASD also affects motor control (J. L. Cook et al., 2013). 

Preprocessing methods evolve continuously. For example, instead of earlier co-

existence of volume- and surface-based registration and analysis methods, there are 

strong exhortations to adopt the latter approach for more reliable results (Coalson 

et al., 2018). 
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7 Conclusions 

7.1 Main findings 

The main finding of Study I was that in the ASD group, the passive valence scaling 

of dynamic facial expressions was different compared to the TD group. Positive 

valence induces both lower deactivation and abnormally strong activation in ASD. 

Negative valence increased deactivation in the right visual areas in participants with 

ASD compared to TD controls. Participants with ASD may have difficulty in an 

unconscious, passive processing of valence-related dynamic facial information in 

brain areas involved in mirroring emotions and determining the salience of 

expressions. As the valence scaling and the evaluation of salience fails, the 

participants with ASD cannot use dynamic facial information as an automated 

modulator of brain activity during social interaction. 

The main finding of Study II was that participants with ASD have right 

dominant ReHo alterations of RS brain activity in areas known to present altered 

functionality in the stimulus or task-based fMRI studies compared to the TD group. 

The decreased coherence or synchronization in local, regional RS BOLD activity 

detected in participants with ASD in both the right STS and insular regions may 

reflect atypical sensory processing and problems integrating multisensory input. 

Similarly, decreased ReHo in the right insula and IFG may be related to attention 

abnormalities, as rFIC has been shown to play a critical role in switching between 

internally and externally oriented brain networks. The significant differences in the 

right thalamus and bilateral cerebellum may be related to abnormal or relatively 

overactive cerebello-thalamo-cortical pathways or the cerebellum's role in 

nonmotor functional deficits. Our results demonstrated potential in utilizing the 

ReHo method in fMRI analyses of ASD. 

The main finding of Study III was that while we did not find ASD-specific 

CAPs, the CAPs showed focused alterations of internal activity levels among many 

RSNs. ASD-related activations during the DMN-CAPs considerably occurred in 

the DMN, and during DMN+CAPs, in other RSNs. The ASD group showed visual 

network overactivation during the DMN-CAPs, simultaneously with the 

overactivation of either the DAN or DMN. ASD participants may have higher 

baseline activation levels in the auditory, DMN, and language RS networks since 

these showed less deactivation compared to the TD participants in CAPs with these 
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RSNs deactivated. ASD-related FPC activations were incoherent and showed 

hemispherical shifts. 

7.2 Implications for research 

The studies utilized three different and complementary methods to characterize and 

pioneeringly compare BOLD brain function between ASD and TD populations. All 

three studies highlighted exciting differences between the groups. Due to its 

dynamic network-based approach, Study III provided the most detailed information. 

Because myriad network combinations are possible and the signal amplitude in 

each network varies greatly, developing a method that could satisfyingly capture 

the whole dynamics of brain networks is a never-ending challenge. Based on our 

study experiences, we encourage the development of volume-wise approaches as 

an option to further characterize the TVFC changes in brain networks. 

7.3 Implications for clinical practice 

As a result of ongoing study efforts, earlier and more accurate imaging diagnostics 

may help clarify the mechanisms and etiology of ASD and guide the targeting of 

possible interventions. Concurrently, it is possible to identify behavioral and 

neurological biomarkers that indicate an increased likelihood of ASD as early as 

six months of age before the consolidation of autistic characteristics into a clinical 

diagnosis (Grzadzinski et al., 2021). A preemptive 10-session infant-parent social 

communication intervention (iBASIS-VIPP) with a trained therapist was able to 

reduce ASD diagnostic behaviors when used at the time that atypical development 

first emerges during infancy (Whitehouse et al., 2021). Infants receiving the 

intervention had lower odds of meeting the diagnostic criteria of ASD, with a 

number needed to treat of 7. Also, physical activity interventions improve executive 

function among participants with neurodevelopmental disorders, but in practice, 

behavioral measures are used to detect the impact (Sung et al., 2022), rarely fMRI 

(Chaddock-Heyman et al., 2013). Transcranial magnetic stimulation (TMS), 

usually over the dorsolateral prefrontal cortex (DLPC), has been used to modulate 

the gamma band activity with the idea of improving cognitive functions and 

attendant social behaviors (Casanova et al., 2020). Some studies have addressed 

motor areas (SMA, M1), others frontal or temporal areas (Casanova et al., 2020). 

To our knowledge, there do not exist therapies targeting certain ICNs or their 

interactions in ASD in the neuroimaging sense, but the TMS studies above indicate 
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that it could be possible. In ADHD, tailored TMS and its effect on the key network 

measures modifying the brain dynamics have been simulated successfully (Iravani 

et al., 2021). Lesion network mapping (LNM), a technique used to aid localization 

by mapping lesion-induced symptoms to brain circuits rather than individual brain 

regions, has been applied to more than 40 different symptoms or symptom 

complexes (Joutsa, Corp, et al., 2022). Lesion locations were combined with an 

atlas of human brain connections (the human connectome) to map heterogeneous 

lesion locations causing the same symptom to a common brain circuit. This 

approach has lent insight into symptoms that have been difficult to localize, for 

example tobacco or alcohol addictions and identified testable treatment targets for 

circuit-based and symptom-based neuromodulation (Joutsa, Corp, et al., 2022; 

Joutsa, Moussawi, et al., 2022). 

Environmental risk factors can be mitigated but never completely evaded, nor 

can the effect of complex genetics. As even prenatal children can be studied, 

growing evidence supports the idea that ASD is prenatally wired (Bonnet-Brilhault 

et al., 2018; Caly et al., 2021; Grzadzinski et al., 2021; Panisi et al., 2021). Once 

an aberrant trajectory in brain development commences, it may be impossible to 

stop or reverse. In this context, patient organizations have reminded that instead of 

emphasizing recovery or cures, the focus should always be kept on accommodating 

the needs of autistic people and helping them learn new skills. For example, focused 

interests can be utilized as an educational tool for positive engagement and 

interaction. Social skills training may be helpful, but caution in concluding the 

efficacy of the current training methods and continued efforts to improve them are 

needed, with simultaneous training for neurotypical peers to increase knowledge of 

ASD and decrease stigma (Bottema-Beutel et al., 2018; Choque Olsson et al., 2017). 

And while an autistic person’s different style of social interaction may present an 

impediment on one’s way to professional life, supportive and accommodative work 

environments can also convert ASD traits into strengths (Des Roches Rosa, 2016; 

Diener et al., 2020; Kaldy et al., 2016; Sipola, 2020; Verasai, 2017; Wong et al., 

2018). 
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